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ABSTRACT

INVESTIGATING COGNITIVE AND EMOTIONAL FACTORS THAT
TRIGGER PUPIL DILATION IN HUMAN COMPUTER INTERACTION

Uyanik Civek, Ceren
M.S., Department of Biomedical Engineering
Supervisor : Assist. Prof. Dr. Didem Gokgay

Co-Supervisor : Dr. Serdar Baltaci

July 2018, 105 pages

Human-computer interaction can be enhanced if emotional arousal of the user can be
predicted. Measurement of pupil dilation is an effective indicator to achieve a suc-
cessive classification for categorizing the psychological state of a user. In this study,
rather than trying to identify several psychological states, we focused on the identi-
fication of stress. There exist several factors that shift the state of a computer user
from relaxation to stress. In this study, we mainly focused on the cognitive factors
that cause stress by increasing the difficulty level of a task. We also evaluated the
effect of color on emotional responses. We hypothesized that assigning more difficult
tasks and looking at a colored image produce higher pupil dilation signals than the
signals in a neutral state. In order to evaluate the effectiveness of these factors, we
conducted experiments including two phases by using TOBII T120 eye-tracker sys-
tem. In the first phase, a baseline was constructed by showing neutral IAPS images
to record measurements during neutral emotion. In the second phase, some modifica-
tions on stimuli were made to increase cognitive load. Pupil measurements collected

during these experiments were used to train supervised classifiers for categorizing



stressful versus neutral states of the computer users. Both collective and individual
subject-based analyses were performed. Better classification results are obtained for

individual subject-based classification.

Keywords: Cognitive Factors, Emotional Factors, Eye-Tracking, Pupil Dilation
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INSAN-BILGISAYAR ETKILESIMINDE GOZBEBEGI BUYUME
REFLEKSINI TETIKLEYEN ZIHINSEL VE DUYGUSAL FAKTORLERIN
ARASTIRILMASI

Uyanik Civek, Ceren
Yiiksek Lisans, Biyomedikal Miihendisligi Boliimii
Tez Yoneticisi : Yrd. Dog. Dr. Didem Gokcay
Ortak Tez Yoneticisi : Dr. Serdar Baltaci

Temmuz 2018 , 105 sayfa

Insan-bilgisayar etkilesimi kullanicilarin duygusal uyarilmalarinin tespit edilmesi ile
tyilestirilebilir. Gozbebegindeki biiylime-kiiciilme reflekslerinin anlik dl¢timii, kul-
lanicilarin psikolojik durumlarmin basarili bir sekilde tanimlanip siniflandirilmasi
amaciyla kullanilan etkili bir yontemdir. Bu ¢alismada, farklh psikolojik durumlarin
tanimlanmasi yerine stresin belirlenmesi {izerine yogunlasmaktayiz. Gevseme duru-
mundan gergin duruma ge¢cmeye sebep olacak bir¢ok faktor bulunmaktadir. Bu ca-
lismada temel olarak, bir gérevin zorluk diizeyini artirarak strese neden olan zihinsel
faktorlere odaklandik. Ayrica rengin etkisini duygusal bir stres faktorii olarak deger-
lendirdik. Daha zor gorevlerin verilmesi ve renkli bir goriintiiye bakmak, notr durum-
daki gdzbebegine kiyasla gozbebegini daha fazla biiyiittiigli varsayiminda bulunduk.
Bu faktorlerin etkinligini degerlendirmek amaciyla TOBII T120 goz takip sistemi ile
iki asamal1 deneyler yaptik. Ilk asamada kullanicilarin duygulart nétr diizeyde tut-
mak icin notr IAPS goriintiileri gosterilerek bir referans olusturuldu. Ikinci asamada,

zihinsel yiikii arttirmak icin uyarici tizerinde bazi degisiklikler yapildi. Bu deneyler

vii



sirasinda toplanan gozbebegi Slgiimleri bilgisayar kullanicilarinin stresli ve notr du-
rumlarini kategorize etmek i¢in egitimli siniflandirma algoritmalarinin gelistirilme-
sinde kullanildi. Hem toplu hem de kullanict bazli analizler yapildi. Kullanict bazli

analizlerde daha yiiksek siniflandirma oranlari elde edildi.

Anahtar Kelimeler: Zihinsel Faktorler, Duygusal Faktorler, G6z Izleme, G6z Bebegi
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CHAPTER 1

INTRODUCTION

Human Computer Interaction (HCI) is an ongoing interdisciplinary research area that
interprets human actions to establish a reliable communication environment between
machines and people. In the case of human-human interactions, when interpreting the
actions of a human being, one should consider his/her current emotional state. This
would result in more accurate responses since the emotions play an important role on
human actions (Beale et al., 2008; Picard, 1997). Similarly, performance of the HCI
systems can be improved, if the emotional states of the users are accurately detected

(Hudlicka, 2003; Picard, Vyzas, & Healey, 2001).

One of the most dominant emotional states observed in human beings is stress. Many
scientific findings indicate that stress has a vital effect on human actions, perception
and rational decision making mechanism (Collyer & Malecki, 1998; Gerald Matthews,
2000b; Mandler, 1984). Therefore, stress detection using HCI would yield significant
enhancements on several different application areas, such as psychological disorder
identification, suspicious behavior detection or polygraphy (lie detection) (de San-
tos Sierra, Sdnchez Avila, Casanova, & Bailador, 2011; Hudlicka, 2002). Moreover,
precise detection of stress can also lead to early diagnosis of psychological disorders
(Jaimes & Sebe, 2007). For these reasons, rather than trying to identify several emo-
tional states, we, in this study, focus on factors that are involved in the identification

of stress.

Researchers have shown that facial expressions and physiological signals are the two
of the most effective indicators that can be utilized to detect the stress level (de San-
tos Sierra et al., 2011; Cohen, Sebe, Chen, Garg, & Huang, 2003; Picard et al., 2001).
Results of Dinges, Venkataraman, McGlinchey, and Metaxas (2007) and H. Gao,
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Yiice, and Thiran (2014) indicated that specific facial gestures, together with the eye
and mouth activities enable accurate detection of stress. However, considering the ap-
plications with security concerns, facial expressions are usually not a reliable source,
since they can easily be manipulated by people (Ekman & V. Friesen, 2003; Ekman
& Friesen, 1982; Surakka & Hietanen, 1998). Unlike face gestures, it is not possi-
ble to mimic or fake the physiological responses of the human body, which makes

physiological signals more reliable indicators for stress measurement.

Physiological signals are the involuntary responses of the human body when faced
with a stressful condition (Zhai, Barreto, Chin, & Li, 2005). The most fundamental
physiological changes can be observed over the skin conductance, body temperature,
brain signals and the pupillary response (Picard et al., 2001; Scheirer, Fernandez,
Klein, & Picard, 2002; Rani, Sarkar, Smith, & Adams, 2003; Bradley, Miccoli, Es-
crig, & Lang, 2008). Among these indicators, pupillary response provides various
considerable advantages. The most important superiority is that measuring the pupil-
lary response does not require sensors to be attached to the user. Hence, this is an un-
obtrusive method and the measurements can be gathered without notifying the user.
Another advantage is that it is not possible to inhibit, fake or exaggerate since pupil-
lary reflex is a response of the autonomic nervous system (ANS) (Partala & Surakka,
2003). Moreover, unlike the body temperature measurements, pupillary response is
not affected by variations on the environment temperature. Despite these advantages,
lighting conditions have a significant effect on the pupillary response, which may
cause misleading interpretation of the measurements (Bradley et al., 2008). There-
fore, environment conditions should be adjusted accordingly to prevent any possible

lighting interference.

It has been shown that pupil diameter increases more when faced with a positive or
negative arousal compared to a neutral one (Bradley et al., 2008; Partala & Surakka,
2003). There are various forms of stimuli that would yield this positive/negative
arousal, and hence, a notable change in the pupil diameter. The most effective and the
practical ways to affect the pupil diameter are to use images (Bradley & Lang, 1994)
and sounds (Partala, Jokiniemi, & Surakka, 2000; Pedrotti et al., 2014) as the stimuli.
In this study, we employ visual stimuli to create an arousal on the subjects using the

images obtained from International Affective Picture System (IAPS).



Stress causing stimuli generally originate from two different factors, which can be
classified as cognitive and emotional stressors. There exist several studies that estab-
lish a strong connection between the pupillary response and the stress level. However,
these studies make use of either cognitive or emotional stressors to achieve an arousal
on the subject. In other words, there is no such study that uses both cognitive and
emotional factors and compare the individual effects of them. Therefore, in order to
eliminate this gap, we, in this thesis, investigate the marginal effects of cognitive and

emotional factors which might trigger stress response in the pupils.
The Aim of the Thesis and Hypotheses

In this thesis, we aim to analyze the effects of cognitive and emotional factors on
pupil dilation. By manipulating visual stimuli and the intensity of cognitive load,
we wanted to detect the emotional state change, i.e., from relaxation to stress, via
eye tracking technology. We will use IAPS images as stimuli while collecting the
pupillary responses of the participants. Our research question and hypotheses are as

follows.

Research Question: Do visual stimuli triggering cognitive load have a significant

impact on subjects’ physiological changes especially pupillary response?

Hypothesis 1: The intense cognitive load causes subjects’ pupil diameter to increase.
With the change of pupil size, subjects’ emotional state can be detected.
Hypothesis 2: Color as an emotional load has an effect on pupil dilation and this

affect can be detected by measuring pupillary response.

The remainder of the current thesis is organized as follows. Next chapter presents a
background regarding the behaviour of the pupil, overview of stress and stress factors,
studies of stress and pupillary response and the measurement techniques. Chapter 3
describes the experimental procedure, the whole process of data collection and the
analysis of the dataset. This chapter outlines the detailed explanation of data prepro-
cessing, feature extraction and classification algorithms. Experimental and statistical
results are presented in Chapter 4. Classification results are discussed completely and
future research directions are suggested in Chapter 5. Last chapter summarizes the

study and presents a brief conclusion.






CHAPTER 2

LITERATURE REVIEW AND BACKGROUND

This chapter presents the relevant information of the literature regarding pupillary
response, stress, emotional and cognitive stress factors, related works about stress
- pupillary response relation and the measurement techniques used for eye-tracking.
The first part describes the mechanism of pupillary response and indicates the noncog-
nitive and cognitive effects on pupil dilation. The definition of stress and factors cause
stress are discussed in the second part and human-computer interaction is mentioned
briefly. The third and fourth subsections give information about the related works
respectively by emphasizing the relation between stress and pupil dilation and speci-

fying the measurement techniques.

2.1 Pupil Dilation Mechanism

There is a transparent area, called pupil, which allows the light to pass through the
outer periphery of the eye and reach the retina. This, typically round, hole is located
in the center of the iris. The size of the pupil is not changeless but rather controlled
by muscles on the iris such that amount of the light entering the eye is regulated. Two
types of muscles are involved in the process of pupil dilation, which can be classified
as circular and radial groups. The circular sphincther pupillae and the radial dilator

pupillae contract to decrease or dilate the size of the pupil respectively.

Autonomous nervous system regulates these muscles in such a way that rise in the
sympathetic activity increases the action of dilator muscles and inhibition of parasym-
pathetic system prevents sphincther muscle to contract (Beatty & Lucero-Wagoner,

2000). Both changes affect the pupillary response and cause dilation. Sympathetic
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Pupil constricts as Pupil Pupil dilates as
circular muscles of iris radial muscles of iris
cantract (parasympathetic) contract (sympathetic)

Bright light Normal light Dim light

Anterior views

Figure 2.1: Circular and radial muscles of iris, indicating contraction and dilation
(Tortora, 1987).

system is effective in fight-or-flight conditions and parasympathetic system is more
related to digestion and relaxation. Although neuroendocrine and motor system are
also associated with the pupil dilation, the detailed explanation of biological pathways

for pupillary response are out of the scope of this study.

The pupillary response is manipulated with respect to the luminance changes. The
pupil dilates in dim light and constricts in intense light to accommodate variations
and this situation is named as the pupillary light reflex (Andreassi, 2006). The size
of the pupil diameter is between 1 mm and 9 mm in normal conditions, the reflex to
the intense light occurs in 0.2 sec and peaks around 0.5 to 1.0 sec (Beatty & Lucero-

Wagoner, 2000).

In addition to the pupillary light reflex, some pupillary motions have a little impact
on pupillary response. Shifting gaze (Klingner, Tversky, & Hanrahan, 2011), changes
in accommodation distance (Loewy, 1990), contrast (Ukai, 1985), spatial structure
(Cocker, 1996) and the onset of coherent motion (Sahraie & Barbur, 1997) affect the

pupil diameter with small dilations or contractions.

Beside these noncognitive effects, the size of the pupil changes with cognitive psy-
chology. H. Hess and M. Polt (1964) conducted a pioneer study where pupil dilations
are used as an index of cognitive load. With this motivation, an approach known

as task-evoked pupillary response (TEPR) which captures and evaluates the mental
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workload changes during different tasks is defined (Beatty, 1982). TEPR emerges at
the beginning of the processing with a short latency and stops rapidly following the
completion of the event. The amplitude of TEPR is used as a psychophysiological
indicator for the cognitive activity (Beatty, 1982; Beatty & Lucero-Wagoner, 2000).
The cognitive load depends not only on working memory but also perception and
vigilance. In the studies related to memory, mental arithmetic, decision-making and
attention, the pupil dilation is exploited to validate cognitive effects (Beatty, 1982).
The pupil is also sensitive to the emotional stimuli. The pupil dilates more when
viewing emotional pictures compared to one that is emotionally neutral (Hess, 1972;

Bradley et al., 2008).

2.2 Definition of Stress

Stress is regarded as a state in which equilibrium between physical, biological and
psychological processes is disturbed, and typically cannot be controlled by organ-
isms (Gaillard, 1993). For human beings, some general conditions such as extreme
temperatures, loud noises, infectious diseases, sleep deprivation, heavy or prolonged
workloads, social pressures, time pressures and negative emotions are considered as
stressful. Any environmental, biological or cognitive situation that threaten the well-
being of individual and diminish his resources is defined as stressor (Bourne, E, &
A. Yaroush, 2003). Stressors arise from exogenous and endogenous sources which
are classified as physical stressor and mental (emotional) stressor respectively. The
physical stressor can be an environmental condition (cold, heat, noise) or internal
physiologic demands of the human body like physical exercise which has a direct
impact on the body. On the contrary, the emotional stressor has no direct physical
effect on the human body when the stimuli reaches to the brain. This stimuli come
from either the cognitive systems (thinking, problem solving) or the emotional sys-
tem such as fear, disgust, anger (Yuen et al., 2009). The resulting stress states can
be acute and time-limited or chronic based on the exposure period and intensity of
the stressor. The response of an individual to stressors is generally through mental
or physical effort or to present degraded performance (Bourne et al., 2003). The re-

sponse to the chronic stress over time can result in decreased well-being, sleeping
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problems, psychosomatic complaints and increased health risks (Gaillard, 1993).

The negative effects of stress on the quality of human life have obliged to carry out
research on the analysis of human stress. The ongoing studies are more related to
make machines be able to understand the stress level of the user. For this purpose,
the human computer interaction systems that involve two-way exchange system with
both participants are aware of each other and respond properly are utilized (Zhai et al.,
2005). To measure stress in human computer interaction, eye trackers are generally

used in order to detect pupillary responses.

This study measures pupillary responses via eye tracker technology in the human
computer environment in order to display the influence of stressful conditions which
stimulate mental stressors on pupil dilations. Mental stressors has two bases as cog-
nitive factors and emotional factors. In this study, the main objective is to examine
the effects of both cognitive factors and emotional factors on pupil dilation. Different
experiments were conducted to stimulate cognitive factors and to increase cognitive
load. Emotional factors were evaluated in terms of color. The cognitive factors,
emotional factors and the relation between color and emotion are explained in the

following subsections.

2.2.1 Cognitive Factors

Cognition is considered as mental processes including extending knowledge and com-
prehension through thinking, remembering, problem solving and judging. Cognitive
processes are affected by attitudes, beliefs and expectations. Therefore, the cognitive
understanding of an event as stressful differs from person to person. The main cogni-
tive factors that have an impact on people’s cognitive interpretations of stressors are

namely appraisals, attributions and self-efficacy (Roesch, Weiner, & Vaughn, 2002).

Cognitive appraisal is the evaluation of a person regarding whether a particular en-
counter with the environment is convenient with his/her well-being. This term has
two linked cognitive processes in order: primary appraisal and secondary appraisal.
In the primary appraisal, the person assesses a stressor as either a threat or a challenge.

During this decision, values, beliefs, commitments and goals of the person enable



him/her to identify the significance of well-being in stressful transactions (Folkman,
S. Lazarus, Schetter, DelLongis, & Gruen, 1986). After determining this interpre-
tation, a secondary appraisal is made in which the person decides the way to deal
efficiently with the stressor such as changing the situation, accepting it or restraining
from acting on impulse (Folkman et al., 1986). According to studies, negative ap-
praisals like threat or harmful is related to negative psychological and physical modi-
fications while the positive appraisals like challenges are correlated with the positive

alterations (Roesch et al., 2002).

The second approach is attributions where the stressful event is reinterpreted or rede-
fined based on thinking and behavior of person. According to Weiner (1985), attribu-
tion has three steps including the observation of behavior, decision of behavior and
assignment of this behavior to internal or external causes. Attributions has both di-
rect and indirect influence for the positive adjustments as attribution theory is linked
to motivation and achievement. However, the uncontrolled or unstable attributions
cause stress and affect the psychological and physical situations negatively (Roesch

et al., 2002).

Self-efficacy, presented by Bandura (1997), is the confidence in personal ability to ef-
fectively perform challenging tasks. Emotions, cognitions, motivation and behavior
of a person are affected by self-efficacy. An individual participates in tasks, explains
the consequence and develops opinions of his competence within the task domain.
During this process, physiological responses and negative emotional states have neg-
ative impact on self-efficacy. Thus, individuals with low self-efficacy may avoid activ-
ities for which they expect poor performance and attempt tasks that they can achieve.
Additionally, low self-efficacy cause sense of failure when obstacles or unsuccessful
attempts come across and withdrawal from the situation is more likely in this case

(Bandura, 1994).

Various studies show that participants’ pupils dilate with increasing cognitive work-
load being imposed (Kahneman, 1973). This effect is supported with experiments
focusing on numerous tasks such as mental arithmetic (Hess, 1965), sentence com-
prehension (A. Just & A. Carpenter, 1993), and letter matching (Beatty & L. Wagoner,

1978). In this study, the cognitive workload is evaluated by counting the number of ar-



rows presented in images. By assigning more difficult tasks such as increasing arrow
numbers or destroying background so that arrows wouldn’t be distinguished easily,

we aim to stimulate cognitive factors of stressors.

2.2.2 Emotional Factors

Every day in human life, people are exposed to emotions. Emotion appears in a large
diversity of disciplines and consists of feelings, behaviors, physiological changes.
The relation between cognition and emotion is complicated which means the evalua-
tion of an event determines the emotional response. Emotion can be considered as a
chain of events while cognition is generally at the beginning of the chain. However,

both processes are initialized with an external or internal stimuli (Plutchik, 2001).

Emotion is defined as a behavioral homeostatic process in which a state of equi-
librium is restored when unexpected or unusual events create imbalance (Plutchik,
2001). The dynamic interaction between the world and an individual is provided by
emotions. Based on this ongoing correlation with the environment, various emotions
are presented as anger, envy, jealousy, anxiety, fright, guilt, shame, relief, hope, sad-
ness, happiness, pride, love, gratitude and compassion (Lazarus, 1999). These basic
emotions are generally categorized as pleasant like hope, happiness, love and un-
pleasant such as anger, sadness, guilt. Unpleasant emotions could initiate stress since

they evoke threatening and harmful situations.

Knowing the emotion being encountered provides an information about both the
individual-environment relationship and the personality trait. The same adjectives are
generally used to assess both emotional states and personality traits (Plutchik, 2001).
So, personality traits might be comprised of mixture of emotions. The existence of
individual differences may trigger emotional stressors, and a stimulus alone is not suf-
ficient to measure stress. To understand the relation between stress and personality
characteristics an experiment was performed by Eriksen, Lazarus, and Strange (n.d.).
The performance under stress was measured by giving participants false feedback that
they are failing. In this case, some participants improve their results or do worse or
leave the experiment to protect themselves against failure (Eriksen et al., n.d.). How-

ever, the results of the study did not identify any certain personality variable related
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to stress.

Another emotional factor is physical sensations in which body reacts to harmful phys-
ical conditions. The autonomous nervous system evokes physiological arousal, espe-
cially fight-or-flight reaction reveals the emotional response to anger and fear. If the
effect is intense or continued, these emotions cause stress and may harm the body

(Lazarus, 1999).

The studies investigating the relationship between pupil dilation and emotional stim-
uli have generally compared neutral and emotional images. Categorizing an image
as neutral, pleasant or unpleasant depends on its valence and arousal values. Valence
demonstrates how positive or negative an image is and facial expressions are used to
predict valence of an emotion. Arousal is more related to physiological features like
blood flow and evaluates an image as exciting, calming or disturbing. In this study,
rather than comparing neutral and emotional images we only used neutral images with
both colored and grayscale versions during our experiments. With this comparison,

we aim to observe the effect of color as an emotional load on pupil dilation.

2.2.2.1 The Effect of Color on Emotional Load

Living in a colorful environment can make people to neglect the effect of color on
their psychological process. Perception of color can be different based on cultural be-
liefs, traditions and experiences. Therefore, the emotional reactions of people to color
have distinguishable features. Several studies have investigated the effect of color on

people’s emotional reactions and found that colors have an impact on emotions.

The study of Valdez and Mehrabian (1995) examined the emotional response to color
tone, saturation, and brightness by using the Pleasure-Arousal-Dominance emotion
model. According to their results, blue, blue-green, green, red purple, purple and
purple-blue are the most pleasant colors, while yellow and green-yellow is the least
pleasant color. Similarly, green-yellow, blue-green and green are the most arous-
ing, whereas purple-blue and yellow-red are least arousing. The study showed that
brighter colors such as whites, light greys, or lighter colors are more pleasant, less

arousing, and less dominance inducing than the darker colors like dark greys and
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blacks. It is also said that darker colors are likely to elicit feelings that are similar to

anger, hostility, or aggression.

In the study of Sroykham, Wongsathikun, and Wongsawat (2014) the measurements
of five participants for oxygen saturation (SpO2), pulse rate and quantitative elec-
troencephalography (QEEG) in six colors (white, blue, green, black, yellow and red)
are used to evaluate the effect of colors. Based on brain signals, the results show
that the brain activity when seeing red or yellow is higher than when perceiving blue,
green, white and black respectively. In terms of color, the study reveals that red and
green color have a high impact on vitality. Red and yellow stimulate anger and con-
fusion while green color stimulates vigor mostly. Blue color has a moderate effect
on confusion, tension and fatigue. Unlike the study of Valdez and Mehrabian (1995),

this study claims that white and black colors have a low impact on any mood.

The emotional responses on colors were also investigated in the study of Ou, Luo,
Woodcock, and Wright (2004). An experiment was conducted with 31 observers, in-
cluding 14 British and 17 Chinese, to evaluate 20 colors in 10 color emotion sizes
such as hot-cold, heavy-light, active-passive, hard-soft, masculine-feminine and like-
dislike. This study maintains the relation between color and emotions. It also demon-

strates that emotions and perception of colors may be culture-independent.

Similar to the previous study, X. Gao and Xin (2006) examined the color emotion
model. A total of 218 color samples were evaluated by 70 subjects based on 12 basic
descriptive variables such as "hot-cold", "weak-strong" and "dynamic-passive". It
is found that while defining the emotional meaning of color hue, one of the color
perception attributes, has less influence than chroma and lightness. Based on their
results, colors with high chroma and high brightness are soft and warm colors while
low chroma and low brightness are related to dark colors which brings cool and hard

emotional descriptions.

Apart from these studies, Young, Han, and Wu (1993) compared the pupillary re-
sponses induced by heterochromatic and achromatic brightness increments in order
to investigate whether color and luminance-evoked pupil responses independent of
each other. It was found that color and brightness is not inevitably independent on

pupillary responses.
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Based on these findings, it can be said that the effect of color as an emotional factor
can be observed from the pupillary responses. With this motivation, this study com-
pares the pupillary records during the view of colored neutral images and the pupillary
records during the view of grayscale neutral images to observe the difference caused

by color.

2.3 Studies Regarding Stress Level and Pupillary Response

Finding the factors that cause stress is an ongoing research area in many disciplines.
To measure the stress level, one of the easy techniques is to observe pupillary response
of subjects. With the help of this correlation, many studies have been investigating
the connection between the stress level and various stressors. The following studies

mainly focused on pupil dilations to examine the association with the stressors.

In the study of Kinner et al. (2017), the psychophysiological connections of two dif-
ferent cognitive emotion regulation strategies namely reappraisal (increase and de-
crease) and distraction is investigated via the assessment of pupillary responses, skin
conductance reports and subjective emotional responses during an emotional picture
viewing task. Neutral and negative pictures are presented in five experimental condi-
tions: view neutral, view negative, decrease, increase and distract. Pupil dilation and
SCRs are higher when viewing negative images compared to neutral images. Also,
increasing emotional responses to negative pictures cause larger pupil diameter which
means pupil diameter is initially related to the extent of mental effort but it is modu-

lated by emotional arousal.

The interaction between emotional stimuli and pupil dilation is studied by Snowden et
al. (2016). Fearful and neutral images are compared during three different tasks. The
mean luminance, mean contrast, image color and complexity of content are equal
for all images to prevent misleading results. The tasks are assessed based on the
target duration, repetition of the same stimuli and actively naming the emotion of the
stimuli. As a result, the pupil is more dilated after viewing affective pictures, and this
effect is independent of the presentation time of the images, not reduced by repeated

presentations of the images, and not affected by active processing of the emotional
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content of the images compared to passive viewing. For the result of last task, the
authors have stated that the emotional modulation of the pupil may be automatic and

controlled unconsciously.

Plechawska-W¢jcik and Borys (2016) have focused on the hypothesis that additional
biomedical data like pupil response and blink features can support the traditional
EEG-based cognitive workload analysis in their paper. A case study consisting of
three arithmetic tasks is carried out with three participants in order to obtain possible
parameters used in machine learning classification systems. Each task has a differ-
ent difficulty level to analyze the human cognitive process. The EEG data analysis
reveals that the change of mental effort manipulates the alpha and theta bands. For
the pupillary response side, the increasing complexity of tasks cause pupil dilation to
decrease over time. Finally, the authors have found that combining EEG with other

biomedical indicators might improve the performance of cognitive load data analysis.

The pupil dilation and periorbital temperature data are used in the study of Baltaci
and Gokcay (2016) to detect the stress of a user. An experiment is performed by
first showing neutral images and asking participants to count arrows located on the
images. Then, negative images are shown to the participant which have more arrows
and when the participant gives an answer, the experimenter sometimes responds with
a misleading feedback. With these factors, both emotional and cognitive stress factors
are manipulated. They extract features from both pupil and thermal data to use in
classification algorithms. As a result, this study shows that pupil dilates more after

viewing negative images and handling a more difficult task.

The relation between the changes of pupil size and the difficulty levels of a visual mo-
tor task is examined in the study of Jiang, Zheng, Bednarik, and Atkins (2015). The
subjects perform a simple continuous aiming task while the task requirement is ma-
nipulated and measured by Fitts’ Index of Difficulty (ID). The ID is a model between
environmental stimuli and human response where task requirements are defined as
easy or difficult based on the increasing ID. The participants move a surgical tool
continuously to point to the circles from bottom to top and then from top to bottom.
During the experiment, this continuous aiming movement is calculated and divided as

transport where tool leaves for the target circle and landing phases where tool reaches
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and touches the target circle. According to results, the pupil constricts in the trans-
port phase and dilates in the landing phase. Additionally, higher task difficulty causes

higher pupil dilation and longer peak duration.

Emotion recognition based on pupillary response is achieved with the neural networks
system in the study of Aracena, Basterrech, Snéel, and Veldsquez (2015). An exper-
iment is conducted on four participants by showing several neutral and emotional
images. This study also supports that pupil dilates more after viewing emotional im-
ages and it compares pupillary response in terms of neural network model. Based
on subject-dependent analyses, it is said that emotional stimuli increase emotional

arousal and cause pupil dilation.

The study of Pedrotti et al. (2014) concerns stress detection by recording pupil di-
ameter and electro dermal activity during a simulated driving task. First a baseline
run is conducted and then three stress runs are performed together with sound alerts.
Wavelet multiresolution decomposition and neural networks are used for feature ex-
traction and classification. The authors have concluded that pupil diameter strongly

correlates with stress detection.

The study of Y. Gao, Adjouadi, Ren, and Barreto (2013) investigates the emotional
state of a computer user as it transforms from relaxation to stress. They use pupil
dilation signals which are pre-processed by Kalman filtering, Wavelet denoising and
Walsh transform. From five different classification algorithms, they obtained similar
results which indicates that pupil dilation signals are a dominant factor to determine

the emotional state of a user.

In the study of Klingner et al. (2011), the effect of auditory versus visual task pre-
sentation on pupil dilation is examined. Three tasks are performed to compare visual
and auditory presentation: mental multiplication, digit sequence recall and vigilance.
Solving mental arithmetic problems depends on working memory and digit sequence
recall is used to investigate both short-term memory and long-term memory recall.
However, vigilance is less dependent to working memory and it mostly requires at-
tention and motor responses. Based on these experiments, the magnitudes of pupil
response are higher for auditory compared to visual tasks, although the patterns of

dilation for both types of presentation are similar. So, this study proposes that the
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visual task presentation results in lower cognitive load than auditory presentation in

all three cases.

Zhai and Barreto (2006)’s study aims to improve human-computer interaction by
showing a correlation between emotional states and pupillary response. In this study,
the Stroop Color-Word Interference Test is conducted on six participants. The blood
volume pulses, galvanic skin responses and pupil data of the subjects are analyzed.
The results of this study reveal that the stress state of users are detectable from these

physiological data.

2.4 Measurement Techniques for Pupil Dilation

Capturing and measuring the size of the pupil could be challenging in some con-
ditions. To deal with such problems, some studies proposed different measurement
techniques for pupillary response. Although diverse methods are used to compute
pupils’ size, the relation between stressors and pupillary response is coherent in each

work.

Marshall (2002) introduces a novel technique called the Index of Cognitive Activity
which used as a general psychophysiological measurement of cognitive workload.
This method is utilized as a wavelet decomposition to the pupil size signal in order to

estimate the average number of abrupt discontinuities in pupil size per second.

In the study of Pomplun and Sunkara (2003), a neural-network based calibration
interface technique is presented for video-based eye trackers. During eye tracking
experiments, the participant’s gaze angle affects the measured pupil size and numer-
ous small factors can interfere with pupil dilation. With this measurement method,
the authors have aimed to eliminate the various factors affecting pupil dilation and
geometry-based distortion of pupil size. They have also computed the cognitive work-

load with different display brightness by performing an additional calibration process.

Apart from these novel techniques, some accepted methods such as electro-oculography
(EOQG), scleral search coils, photo-video oculography (POG-VOG) and dual purkinje

method are mostly used for eye tracking.
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Figure 2.2: Dual purkinje eye tracking method (Tobii T60 & T120 eye tracker front
display , (Tobii Technology, 2011))

Tracking of eye movements is achieved in EOG by measuring electrical potential dif-
ferences between electrodes placed near the eyes. The eye movements are detected
in scleral search coils method via wearing contact-lens-like material with a metal coil
in it. The fluctuations in an electromagnetic field while a metal coil is moving along
with the eyes identify the eye movements (Duchowski, 2007). In photo-video ocu-
lography, digital video cameras capture the eye movements. Among these methods,
the most recently used one is the dual purkinje method which consists of an infrared
camera placed below a monitor of a desktop computer and a special software in this
computer (see Figure 2.2). The infrared camera emits infrared light to the eye and
when the light enters the retina, it creates the corneal reflection while most of it is
reflected back. These reflections cause a bright pupil effect that helps software sys-
tem for the detection of eye. When the software recognizes the center of the pupil
and the corneal reflection, it measures their distance and the point of fixation can be
determined. The important issue about finding the point of fixation is to distinguish
eye movements from the head movements. For this separation, pupil brightness plays

a significant role (Duchowski, 2007).

In addition to fixation measurement and eye movement tracking, eye trackers are

able to measure pupillary responses. Diverse methods such as entoptic methods, mir-
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ror comparison, scales and callipers, filming, Bellarminow apparatus, Lowenstein
pupillograms and infrared photography can be used to measure the size of pupils
(Hakerem, 1967). However, current eye trackers calculate the pupils’ size with two
methods namely pixel-counting and ellipse-fitting. In the pixel counting method, the
size of pupils are determined by counting the number of pixels in the pupillary area.
In the ellipse-fitting method, the calculation is done by taking the point of reference
as the length of the major axis of an ellipse fitted to the pupil (Klingner, Kumar, &
Hanrahan, 2008). TOBII eye tracker system measures the pupil size by pixel counting
method.
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CHAPTER 3

METHODOLOGY

This chapter covers the scale-based material, the stimuli generation process, experi-
mental design, data analysis and classification methods. The experiments are desig-
nated to particularly focus on the cognitive and the emotional factors causing stress.
There are two phases in both Experiment 1 and Experiment 2, where the pupillary re-
sponses of the participants are recorded via eye-tracker system for neutral and stress-
ful states respectively. In the first phases, a baseline is created to achieve a controlled
experiment by ensuring that the participants are in neutral condition. The second
phases include different tests to observe the marginal effects of different stressors.
The datasets are pre-processed and several features are defined to evaluate the results

with state-of-the-art classification methods.

3.1 Scale-Based Materials for Data Collection

In the context of this study, two different scale-based materials have been employed,

which are Beck Depression Inventory and Positive and Negative Effect Scale.

3.1.1 Beck Depression Inventory

The Beck Depression Inventory (BDI), named by its creator Dr. Aaron T. Beck, is
applied to individuals to determine whether they are in a depressive situation (Beck,
Ward, Mendelson, Mock, & Erbaugh, 1961). The inventory contains a set of 21 mul-
tiple choice questions, where each answer is assigned to a value in between 0 to 3.

These values are used as indicators to measure how depressive a given answer is, i.e.,
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higher values means more depressive responses. With this given structure, the possi-
ble total scores are in the range of O to 61. The individuals obtaining higher scores are
accepted as more prone to show depressive behaviors, while the ones getting lower
scores are seen as psychologically healthy. Overall, the content of the questions aims

to measure different symptoms of depression like hopelessness or irritability.

This inventory was adapted to Turkish nation and validated by Hisli and Sahin in
1988 and 1992 respectively. For the Turkish version of the inventory, the individuals
obtaining scores lower than 17 are assumed to have minimal positive signs of depres-

sion. The complete 21 questions for Turkish version are provided in the Appendix
A.

In our experiment, the participants were asked to answer each of the questions. At the
end of the experiment, results of the participants with BDI scores above 17 were elim-
inated to ascertain that the participants who are admitted to the experiments are not
depressed. Because depression state may interfere with the emotional manipulations

of the experiments.

3.1.2 Positive and Negative Affect Scale (PANAS)

The Positive and Negative Affect Scale, developed by Watson, Anna Clark, and Tel-
legen (1988), is a standardized test for the evaluation of mood or affect. The test
consists of 20 items in which 10 items belong to positive impact and the other 10
items are about negative impact. The positive set shows the level of alertness and
activeness of a participant while negative set demonstrates the level of encountered
anger, guilt and fear. The modification and normalization of this scale in Turkish

community was introduced by (Geng¢6z, 2000).

In the test, participants rate each emotional item on a 5-point Likert type scale where 1
means not at all and 5 is for extreme. For positive set, the values on the items 1, 3, 5, 9,
10, 12, 14, 16, 17 and 19 are summed and for the negative set the remaining items are
added together. The total score for each set varies from 10 to 50 where higher values
imply higher positive/negative impact. The evaluation of mood is done by comparing

these PA and NA values. For positive mood, PA value should be greater than NA
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value and for negative mood, the reverse case should be observed. The version used

in this study is provided in Appendix B.

In this work, PANAS test was completed by participants between the first phase and
the second phase of the experiment. The mood of the participants during the exper-
iment is crucial as the aim is to observe the cognitive and emotional stress factors.
Thus, if the PA score of a participant is below 20 or if the NA value is above 20, the

data of this subject cannot be valid and should be removed.

3.2 Stimuli Creation

Experiment 1 and 2 used images from IAPS database as stimuli. The adjustments on

the size and the modifications on the stimuli are described in the subsequent parts.

3.2.1 TAPS Images

The International Affective Picture System (IAPS) has been a reference for objec-
tive emotional evaluation based on visual stimuli. A large database of photos are
developed; pictures represent a series of daily experiences to extreme scenes, such as
furniture and deformed bodies. Each image is rated according to a subjective score
given by a large group of people on a scale which ranges between 1-9. The aver-
age of these views is the score of images used in image qualification which means
the pictures are classified according to the average of these scores. IAPS provides a
way of assessing emotions and is commonly used in emotional experiments (J Lang,
M Bradley, & N Cuthbert, 2008). In our experiments, the visual stimuli were taken
from the IAPS database and they were chosen to have low arousal and neutral valence

values, which are in the ranges of 2.77 + 1.896 and 4.949 + 1.185 respectively.

3.2.2 Image Rescaling

For each stimulus, a 3 x 3 grid consisting of the selected 12 images was created by

randomly positioning them. The 3 x 3 grid structure was chosen due to the exper-
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Figure 3.1: Sample stimulus used in Experiment 1

imental results of the study of Baltaci and Gokcay (2016). In order to create this
structure, all images were rescaled to smaller sizes and then, combined randomly in
a 3 x 3 grid structure. As a result, from 9 random small images, one large stimulus
was formed. 20 different stimuli were obtained using this process. All formed im-
ages were rescaled to standardize the size of images. The average width and length
of all stimuli were 1000 and 750 pixels, respectively. A sample visual stimulus used

in Experiment 1 can be seen in Figure 3.1.

3.2.3 Image Scrambling

The stimuli used in the second phase of Experiment 2 are the scrambled form of the
images shown in the first phase of same experiment. To form scrambled images,
jigsaw method was executed in MATLAB 2016b and 3 x 3,4 x 4,5 x 5and 6 x 6
grids were tested separately. The aim is to destroy the image content and to increase
participants’ alertness. Therefore, 6 x 6 grid was chosen to design the scrambled
images. Both a sample image used in Experiment 2 and the corresponding scrambled

version can be seen in Figure 3.2.
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(b) Scrambled form of the same image with 6x6 grid

Figure 3.2: Sample stimuli used in Experiment 2
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3.2.4 Intensity Adjustments

The pupils are affected by the brightness and illumination of visual stimuli so the
mean intensity values of all images were standardized. The average intensity val-
ues of all images were calculated and the outlier values were set to values similar to
the average intensity values by using Adobe Photoshop CS6. For Experiment 1, the
average intensity of the image set was 96.93 and standard deviation was 0.05. For Ex-
periment 2, the average intensity of the image set was 103.29 and standard deviation

was 5.72.

3.2.5 RGB to Grayscale Adjustments

In the Experiment 2, grayscale images were used as the stimuli set. The three colored

(RGB) images used in the Experiment 1 were converted into grayscale.

3.3 Experimental Design

The objective of this study is to examine the effect of cognitive and emotional stress
factors on pupillary response. To compare the cognitive and emotional factors, two
different experiments were conducted. Both experiments had the same apparatus
TOBII T120 and followed the similar procedures. However, different stimuli sets

were presented to different participants.

3.3.1 Apparatus

A screen-based TOBII T120 was used for the eye tracker system to obtain undis-
torted pupil data during the experiments. The participants were located in front of a
computer screen, where TOBII T120 system is embedded in it. The usage of TOBII
technology enabled to not use head restraints. The distance between the participants
and the screen was determined as between 0.6-0.7 meters. The pupillary responses
were collected at a rate of 60 Hz. The experiments were conducted under the control

of Human Computer Interaction (HCI) Laboratory in Middle East Technical Univer-
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sity Computer Centre and all continuously recorded pupil values were saved as text
files by TOBII Eye Tracking System (TETS) on a 17" TFT monitor with Windows 7

based computer.

3.3.2 Environment

The experiment room was sufficiently illuminated by using a stable light source. In
addition, the room temperature was designated to be in between 19-22 °C. The hu-

midity was also regulated by humidity control and air recycling systems.

3.3.3 Experiment 1

Experiment 1 aims to observe the effect of cognitive load on pupil dilation by admin-

istring a task to the subject and increasing his/her attention.

Participants: 16 subjects (6 males, 10 females) between ages of 21-32 (M = 254,
S.D =2.96) agreed to participate in the experiment. They had normal or corrected to
normal vision, and did not report a neurological or endocrine disease story. All partic-
ipants read and signed written informed consent (see Appendix C). Since participants
had BDI scores of 17 or less, none of the participants were considered as outliers in
terms of depressive situation. Since the PANAS scores were acceptable for positive
and negative affect scores (for positive influence: higher than 20, for negative influ-
ence: below 20), none of the participants were considered to be excluded in terms of

mood.

Procedure: Participants were placed in the HCI Laboratory for the experiment. Be-
fore a brief explanation of the experimental procedure, participants filled out the
BDI for psychiatric evaluation, read and signed written consent and completed de-
mographic information (see Appendix D). It generally took 10 minutes to finish this

process.

Prior to the start of the experiment, we applied 9-point calibration of TETS provided
by the TOBII T120 Software Development Kit (SDK). On the calibration screen, yel-

low dots appear one by one and the participant must follow these points. After all the
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points are visible, the SDK sends a signal whether the calibration is acceptable or not.

For this reason, the user can continue with the experiment or restart the calibration.

There were two phases to assess the effects of stressors in Experiment 1. The first
phase of the experiment was designated to create a baseline for the standard pupil
size of the participants when they were in neutral state. To this end, we avoided
to put the participants in a stressful situation during this phase. We presented the
instructions of experiment before starting. 20 sample images on the center of gray
background (R: 106 G: 106 B: 106) were displayed to the participants. In addition, a
total number of 3-6 arrow figures were added to some random positions in each image.
While viewing the images, the participants were asked to count the total number of
arrows they saw on the stimulus. Each stimulus was presented for 6 seconds. The
order of presentation of the stimuli was randomly selected. A fixation point between
images was presented for 12 seconds and during this time, we expected participants
to verbally express their responses. We gave them a feedback showing the correctness
of the response immediately after the responses. If the answer is correct, the feedback
was only a "True" statement. In the other case, we said "False, the number of arrows is
x". Fixation durations and pupil diameters were collected throughout the experiment,

but only the data for the stimulus presentation was used for the analysis.

After the completion of the first phase, the participants were asked to fill out PANAS
for mood assessment. The 9-dot calibration of TETS was reapplied before starting

the second phase.

The second phase of the experiment aimed to enhance the effects of cognitive stress
sources. In the second phase, the only difference was the number of arrows the partic-
ipants had to count on each trial. We increased the total number of arrows to the range
of 6-9 in each stimulus. Since the images were still displayed for 6 seconds, the count-
ing task became more difficult and stressful for the participants. The corresponding
pupillary responses and fixation durations during the experiment were collected but
only the pupil data during stimulus presentation was analyzed to evaluate the effect

of assigning more difficult tasks to a subject.

After the completion of the entire experiment, participants were asked to complete a

questionnaire to receive their views on the experiment and to compare the declared
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Figure 3.3: The flow of Experiment 1

mental status of the participants with the measured values (see Appendix E). Survey
questions were designed to assess participants’ mental status after exposure to stress

factors. The flow of the Experiment 1 can be seen in Figure 3.3.

3.3.4 Experiment 2

Experiment 2 examines the effect of cognitive load on pupil dilation like the previous

experiment. However, a different stimuli set was used in this experiment.

Participants: 15 subjects (6 males, 9 females) between ages of 21-29 (M = 24.7,
S.D = 2.23) agreed to participate in the experiment. They had normal or corrected
to normal vision, and did not report a neurological or endocrine disease story. All

participants read and signed written informed consent. Since the PANAS scores were
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Figure 3.4: The flow of Experiment 2

acceptable for positive and negative affect scores (for positive influence: higher than
20, for negative influence: below 20), none of the participants were considered to be
excluded in terms of mood. However, in terms of depressive status, one participant

had a BDI score higher than 17 so this subject was eliminated before analysis.

Procedure: Participants were placed in the HCI Laboratory for the experiment. We
followed the similar procedures like in the Experiment 1. Participants filled out the
BDI, read and signed written consent and completed demographic information before
a brief explanation of the experimental procedure. It generally took 10 minutes to
finish this process. Prior to the start of the experiment, 9-point calibration of TETS

was applied.

The experiment has two phases to assess the effects of stressors. The first phase of
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the experiment was similar to the first stage of Experiment 1. The only difference
was that RGB images were converted to grayscale images. The instructions were
presented by the experimenter before starting. 20 sample grayscale images on the
center of gray background (R: 106 G: 106 B: 106) were shown to the participants. In
addition, a total number of 3-6 arrow figures were added to some random positions
in each image. While viewing the images, the participants were asked to count the
total number of arrows they saw on the stimulus. Each stimulus was presented for 6
seconds. The order of presentation of the stimuli was randomly selected. A fixation
point between images was presented for 12 seconds and during this time participants
were invited to verbally express their responses. A feedback showing the correctness
of the response is given immediately after the responses. If the answer is correct, the
feedback is only a "True" statement. In the other case, the expression was "False,
the number of arrows is x". Fixation durations and pupil diameters were collected
throughout the experiment, but only the data for the stimulus presentation was used

for the analysis.

After the completion of the first phase, the participants were asked to fill out PANAS
for mood assessment. The 9-dot calibration of TETS was reapplied before starting

the second phase.

The purpose of the second phase of the experiment is to highlight the marginal ef-
fects of cognitive stressor on pupil dilation. In the second phase, the images were
scrambled and the number of arrows the participants had to count on each trial wasn’t
changed. Since the images were still displayed for 6 seconds, the counting task be-
came more difficult and stressful for the participants as the visual background was
converted a more complex image. The corresponding pupillary responses and fixa-
tion durations during the experiment were collected but only the pupil data during

stimulus presentation was used for examination.

After the completion of the entire experiment, participants were asked to complete a
questionnaire to receive their views on the experiment and to compare the declared
mental status of the participants with the measured values. The process of the Exper-

iment 2 can be seen in Figure 3.4.
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3.4 Data Analysis

In this section, we present the analysis process for the data collected from both Ex-
periment 1 and Experiment 2. We formed 4 different datasets from these two exper-
iments. The first dataset, labeled as Dataset 1.1, contains the pupillary responses of
the subjects for the Part 1 of Experiment 1. The data in this dataset correspond to
a neutral state, where the colored stimuli with less number of arrows were shown to
the subjects. The second dataset, i.e., Dataset 1.2, includes the pupillary responses
from the Part 2 of Experiment 1, where the same colored images with more number
of arrows were shown to the subjects. These two datasets will be used to detect the
possible effects of cognitive stress factors, i.e., increasing the difficulty of the task,

on pupil dilation. The last two datasets, namely Dataset 2.1 and Dataset 2.2, ob-
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tained from the Part 1 and the Part 2 of Experiment 2 respectively. Thus, Dataset
2.1 contains responses from the subjects when the grayscale stimuli with arrows were
shown to them. Different from Dataset 2.1, Dataset 2.2 represents the case where the
grayscale images were scrambled without changing the number of arrows. Similarly,
these two datasets will also be used to observe the effect of cognitive stress factors on
pupil dilation. In addition, responses obtained from Dataset 1.1 and Dataset 2.1 will

be compared to examine the effect of color as an emotional load on pupil dilation.

It is expected to observe a notable difference between the above mentioned datasets if
there is a correlation between the pupillary response and the cognitive stress factors.
In other words, the datasets corresponding to the neutral and the stress cases are
expected to be separable. Therefore, in this study, we employed several classification
algorithms to determine the separability rate of these datasets and proved/disproved

our hypotheses based on the classification accuracies.

The datasets obtained from the experiments are composed of raw pupillary data.
There exist issues on these raw data such as missing data points, misalignment, noise
etc. that prevent them to be directly fed into a classification algorithm. Moreover, we
need to form useful features before initiating the classification process. Therefore, we
first performed a preprocessing stage followed by a quality check to remove useless
data. We then generated specific features to be used in the classification process in the
feature extraction stage. Finally, we used several classification algorithms to obtain
the results. We worked on WEKA platform to realize the classification process. The

flow of data analysis process is represented in Figure 3.5.

3.4.1 Data Preprocessing

A preprocessing stage was employed on the measurements to eliminate the issues
on the raw data. Several problems like missing data points, high variations on the
data and two observations obtained from left and right pupil can be seen from the
Figure 3.6. This stage was performed by implementing the steps given in Baltaci and
Gokcay (2016). The flow of the procedure is presented in the Figure 3.7. The detailed

procedure is explained as follows:
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Figure 3.6: Pupillary Response of One Random Trial Before Preprocessing

1. Blink Extraction: The eye-tracking device records the measurement of pupil size
as -1 when it detects blink. If we observed -1 in a pupil record of a single eye, we
replaced this missing data with the measurement from the other eye to avoid this
problem. Otherwise, we performed linear interpolation by using both the average
of the last five instances before the missing data and the average of the first three
instances after the missing data. Then, during the blinking period, we set the pupil
size to the value given by this interpolation function. If more than 30% of the data

had to be interpolated, it was discarded since it is considered as unreliable.

2. Merging Left and Right Pupil Data: As a raw data, we had both the left and right
pupil diameter measurements. It is expected to have a correlation between left and
right pupil data as healthy people have same pupil sizes. Therefore, we first checked
the correlation between them and if they were not correlated we omitted that data.
We used a threshold value of 0.9 for acceptable correlation. Data that passed the

correlation test is merged by averaging pupil values from both left and right eyes.
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Figure 3.7: The flow of data preprocessing

3. Moving Average Filter: For noise cancellation, we used the moving average
filter (Smith, 1997-98) where a small window with 20 time points gave the optimal
result for our analyses (see Table 4.8, 4.17, 4.23). Here it is important to compare
the data without filter and the filtered data because erasing many points from the data
may change the original pattern and cause misinterpretation. Therefore, we assigned
an exclusion criteria that if more than 30% of pupil data was lost, this record was

eliminated completely.

4. Normalization: The eye tracking device measures the pupil size in millimeters.
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Figure 3.8: Pupillary Response of One Random Trial After Preprocessing

We applied normalization in order to disregard signal variability between subjects
since participants can have different pupil sizes. With normalization, we shifted all
signals in order to make them have the initial value of 0. Figure 3.8 shows the result

of these preprocessing steps implemented on the trial which is given in the Figure 3.6.

Before preprocessing, for all subjects who participated, Dataset 1.1 and Dataset 1.2
had 320 trials (16x20). After preprocessing, Dataset 1.1 has 189 trials where the
40.94% of its data was eliminated. Similarly, 39.38% of Dataset 1.2 was removed af-
ter preprocesing and it has 194 trials. For Dataset 2.1 and Dataset 2.2, for all subjects,
300 trial data was gathered at first (15x20). After preprocessing, Dataset 2.1 has 177
trials (41% of its data was removed) and Dataset 2.2 has 205 trials with 31.7% data

loss.
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Figure 3.9: Normalized Pupillary Response of One Random Trial

3.4.2 Quality Control

We evaluated the quality of the datasets by first analyzing the constriction point and
the slope of each pupil data. It is shown that pupillary response has a pattern, i.e.,
when viewing an image it constricts during the first 1.5 seconds due to initial light
reflex and then dilates (Beatty & Lucero-Wagoner, 2000; Bradley et al., 2008). Based
on this pattern, we assumed to see a constriction point between 0-90 time points and
after this period, we expected to see an increment in the data. To verify the expected
pupillary response in our study, we used polynomial fitting which is one of the most
successful methods. We applied 6th order polynomial to each trial of each subject’s
data to assign a constriction point in the specified time points. If the constriction point
wasn’t between 0-90 time points, we eliminated that trial. However, if the constriction
point was in that interval, the beginning of the data was admitted as this constriction
point and the data before this point was discarded. Then, a linear regression was

utilized on each trial and the slope of the data was calculated. If the value of the
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slope wasn’t positive, then the data was omitted. Finally, signals of each subject were
rescaled in order to adjust a standard metric in [0 1] range. Rescaling method finds
the maximum and minimum pupil points of each subject, makes the minimum value
of subject’s data as 0 and divides the all data of subject to maximum value to label
the maximum point as 1. In Figure 3.9, the trial was normalized such that it has a

maximum point although it hasn’t minimum point as O.

During quality control, some data was eliminated from datasets. Dataset 1.1 lost 1
trial in constriction point checkpoint and 23 trials over slope analysis. So, it has 165
trials at the end with 12.7% data loss. In Dataset 1.2, 5 trials were eliminated after
constriction point fixation and 21 trials were removed after slope analysis. In total, it
lost 13.4% of its data and it has 168 trial data. In Dataset 2.1, no trials were removed
during constriction point control but 40 trials were eliminated after slope analysis.
Thus, total number of trials reduced from 177 to 137 with 22.6% data loss. Dataset
2.2 lost its one trial over constriction point analysis and 60 trials after positive slope
checkpoint. It had 205 trials before quality control, with 29.76% data loss, the number
of total trials became 144 at the end.

The quality with slope analysis was done before feature extraction. After features
were extracted, the statistical analysis was performed in SPSS Software for qual-
ity check of features. We first performed the normality tests called as Kolmogorov-
Smirnov Test to observe the distribution of features and to determine what type of
statistical methods (parametric or nonparametric) should be used. The normality
test showed that some features had normal distributions while some of them had
non-normal distributions, so we analyzed the data using non-parametric method with
Mann-Whitney U test. We compared the asymptotic significance (2-tailed) p-value
between neutral and stress data to interpret test results. Since we chose the signif-
icance interval as 95% where the differences with the probability o < 0.05 were

regarded as significant.

3.4.3 Feature Extraction

In this work, entropy based features were extracted by following the same procedure

introduced in Baltaci and Gokcay (2016). Different from their work, area under curve,

36



polynomial fitting and regression slopes of processed data were also used as features.

Before explaining the features, it is important to introduce the method called Shannon
entropy which is one of the widely used novel information-theoretic approaches for
signal analysis. Shannon proposed a mathematical theory to quantify information and
described entropy as a measure of uncertainty in a random variable (Shannon, 1948).
Entropy is related to a probability distribution of an event and can be calculated using
any kind of data. In our case, we computed Shannon entropy dependent on time
by assigning a specific interval (window) that slides along the entire record. We
divided this window into a discrete number of signal amplitude levels and calculated
the probability density of each discretized signal level. With the known probability
values, we calculated entropy value of each window by using the formula of Shannon
entropy. As the window was sliding through the data, we added entropy values and

formed entropy sequences for each pupil record. The formula of Shannon entropy:

N

H =" P(t,)logy(P(£,))

n=1

where /,, denotes the n'" level and P(/,,) is the probability of level n. The discretiza-
tion level affects the entropy value so it is important to find the optimal level. In
Appendix F, the relation between different discretization levels and the entropy were
shown. It is also given that as the level increases, the entropy value shows little dif-
ference. Thus, it can be said that the convergence of entropy values start when the
level was chosen between 100-150. From the probability distribution plots, it is seen
that as the level increases from 4 to 64, the distribution became smoother and gave
better results. However, after 64-level the distribution became meaningless as many
peaks appeared. Therefore, we decided to divide our data into 100 discrete levels for

our entropy calculation.

In this method, the choice of window parameter is significant because the interval
on the data affects both the quality of data and the computation time. We chose the
window size for dataset 1 as 25 (see Table 4.9), for dataset 2 (see Table 4.18) as 10
and for dataset 3 as 50 (see Table 4.24).

Based on these entropy method, we presented main statistical features which are min-

imum, maximum, mean, median, standard deviation, kurtosis and skewness values of
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Figure 3.10: A trial data of one subject’s pupil data before quality control

entropy series. In addition, we generated these statistical features by using the actual
pupil records. However, we also defined different features for actual measurements
that are area under curve, regression slope, polynomial coefficients and curve corre-

lation values.

Minimum is the minimum value of the entropy based data or the absolute pupil data.
Maximum is the maximum value of the entropy based data or the absolute pupil data.
Mean is the average value of the entropy based data or the absolute pupil data.
Median is the middle value of the entropy based data or the absolute pupil data.
Standard Deviation is the amount of variation of the data in the entropy window or
the absolute pupil data.

Kurtosis is the amount of probability in the tails of the entropy based data or the
absolute pupil data.

Skewness is the measure of symmetry in the distribution of the entropy based data or
the absolute pupil data.

Area Under Curve (AUC) is the area in between the data points and the x-axis, i.e.,

the integral value of the pupil data after the constriction point.

Regression Slope

The slope values of each record were used as a feature. As we mentioned in the qual-
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Figure 3.11: The data after quality control where linear regression line is fitted

ity control section, we used regression to fit the pupil data into a 6th order polynomial
and found a constriction point as a beginning point of the data. The slope was com-
puted in this piece where the beginning is the constriction point and the end is the last
point of data with the help of linear regression. We eliminated the records which had
non-positive slope value. In Figure 3.10, a sample pupillary response of one subject is
given. It is clear that there is a constriction point during first 90 time points. In Figure
3.11, the principle of regression slope feature is illustrated. After finding constriction
point, a linear regression line is fitted on the pupil data and the slope was calculated

as

Slope = 291 3.1)
Ty — X1

where (z1,y;) denotes the beginning point of the line and (x5, y2) represents the end

of point of the line.

Polynomial Coefficients

The computation of the coefficients of polynomial curve fitting is another method
used in signal analysis. In this study, we tested both 3rd order and 6th order poly-
nomial regression in our data. 6th order polynomials resulted in overfitting, so we
computed the coefficients of 3rd order polynomial curve and used these values as our

features. The sample data and its 3rd order polynomial are given in the Figure 3.12.
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Sample Pupil Data After Quality Control (Polynomial Fitting)
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Figure 3.12: Illustration of polynomial fitting to a sample pupil data

The polynomial has an expression where the coefficients are in descending powers
p(z) = 122 + as2? 4 asz + ao. Therefore, we labeled our coefficient features as al,

a2, a3 and a0 similar to this expression and calculated their values for each trial.

Curve Correlation

The last feature in our study is related to the curve correlation of records. We had
both phase 1 and phase 2 pupil records for each subject. In this feature, we generated
the average of both phase 1 and 2 data (see Appendix G) and compared a single
random data with both of them as given in the Figure 3.13. The distance between the
observed record and the averaged record summed up and gave the correlation result.

The formula of this feature can be expressed as

N
CurveCorr = Z D, (3.2)

n=1
where D, is the Euclidean distance between observed data and averaged data. Be-
cause we compared the monitored data both with the averaged phase 1 and phase 2
records, we labeled this feature as curvecorrelationl and curvecorrelation2 respec-

tively.

Curve Correlation Difference

This feature is obtained by subtracting curvecorrelation2 from curvecorrelationl.
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Sample Pupil Data After Quality Control (Curve Correlation)
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Figure 3.13: Illustration of curve correlation feature

All of the features can be categorised into 3 groups as entropy-based, absolute, and

global. These are listed in Appendix K.

344 WEKA

The classification process was performed by using WEKA that was developed at the
University of Waikato in New Zealand. WEKA platform includes state-of-the-art ma-
chine learning algorithms and numerous pre-processing tools. It enables users to im-
plement various filters for pre-processing of inputs and feature selection, many clas-
sification algorithms, visual interpretations of data and evaluation of results (Witten

& Frank, 2005).

In this study, as an input, we had 22 features extracted from the processed pupil data
and described them as class 1 for neutral group and class 2 for stressed group. So,
in binary classification model, O refers to the class 1 as our neutral data and 1 refers
to the class 2 as our stressful data. In order to determine the most reliable classifica-
tion algorithms, we first examined the accuracies achieved by several state-of-the-art
algorithms, including Naive Bayes, Logistic Regression, SVM, K-nearest neighbor,

Adaboost, Bagging, Decision Tree and Random Forest. We then determined the algo-
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rithms providing the highest accuracies for each analysis and selected the successful
algorithms in common, which are SVM, Adaboost and Random Forest (see Appendix

H).

SVM is a popular supervised machine learning algorithm for classification problems.
It classifies the dataset by selecting a hyperplane which separates the data by their
class. The margin that is the distance between the hyperplane and the nearest data
point should be large for better classification. Thus, SVM algorithm finds the coeffi-
cients that maximize the margin. In this study, the default parameters in WEKA were

used and as the kernel type puk kernel was chosen.

AdaBoost is a successful ensemble method developed for binary classification. En-
semble method is basically designing a model from the training data and then building
a second model which corrects the errors from the first model. This process contin-
ues until the training set is perfectly predicted. Adaboost makes use of any machine
learning algorithms but it is best performed with decision trees, i.e., weak learners,
as these trees only make one decision for classification. The training weights are
updated in this algorithm by giving more weight to the incorrect predictions while
giving less weight to the correct predictions. In this study, Adaboost was used with
default parameters and as a weak learner, random forest was chosen to obtain less

error rate on classification model.

Random Forest is one of the most powerful ensemble machine learning methods. In
this algorithm, a bunch of decision trees are created with random subset of the data.
Over training, features in decision trees are selected from random samples and models
are designed for each data sample. The output of each decision tree in the forest is
combined and averaged to make a final prediction. In the study, the default parameters

of the classifier were used.

Except for finding the most reliable classification algorithm, it is also important to
select the test option on WEKA. During classification process, the given dataset is
divided into two sets as training set and test set where the labels of test set are un-
known and the compatibility of test set into training set determines the classification
accuracy (Witten & Frank, 2005). This division in the given dataset can be done with

several methods like cross validation or percentage split. We used the cross validation
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method (Efron & Tibshirani, 1993) in our study and found that 10-fold gave the best
results compared to 5-fold and 15-fold (see Table 4.7, 4.16, 4.22). The 10-fold cross
validation method divided our dataset into 10 equal subsets where nine subsets were
training sets and one subset was test set. The selected classification algorithm trained
these nine subsets and based on them, the remaining set was tested. This cycle was
repeated until every 10 subsets were used as a test set. The result was calculated based

on the average of these classification cycles.
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CHAPTER 4

RESULTS

This chapter presents the statistical test results, the classification accuracies and the
effects of parameters on classification results for three different analyses. There are

three main subsections where the results of each analysis are illustrated separately.

We performed 3 different analyses based on 4 different datasets obtained from the ex-
periments in order to detect any possible correlation between the pupillary response
and the stress factors. In the first two analyses, we focused on investigating the
marginal effect of cognitive factors. We worked on two different cases that increase
the cognitive load. In one case, the cognitive load, i.e., attention, was raised by in-
creasing the number of arrows in the stimuli. In the other case, the background of
the stimuli were destroyed by scrambling the images while keeping the number of
arrows the same, which led to increased cognitive load. For the first case, we per-
formed several classification algorithms on Dataset 1.1 and Dataset 1.2 to determine
the separability. For the second case, we used the same classification algorithms on
Dataset 2.1 and Dataset 2.2. The third and the final analysis aimed to reveal the effect
of emotional load on the pupillary response. For this case, we worked on Dataset 1.1

and Dataset 2.1 since the only difference in the stimuli was color for these datasets.
This study aims to verify the following hypotheses:

Hypothesis 1: The intense cognitive load causes subjects’ pupil diameter to increase.
With the change of pupil size, subjects’ mental state can be detected.

Hypothesis 2: Color as an emotional load has an effect on pupil dilation and this
affect can be detected by measuring pupillary response.

The results of the first two analyses were utilized to test the Hypothesis 1, while the
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Table4.1: Normality test for the first analysis

|  Features | Statistic | Sig. (p) |

min_ent 070 200
max_ent 474 .000
mean_ent .053 200
std_ent 042 200
median_ent 047 200
kurt_ent .189 .000
skew_ent 040 200
max_abs 060 200
mean_abs 043 200
std_abs .075 .000
median_abs .035 200
kurt_abs 127 .000

skew_abs .068 200
slope_abs .046 200
curve_1_abs .089 .013
curve_2_abs .109 .000
curve_diff_abs 112 .000

a3_coeff 386 .000
a2_coeff .200 .000
al_coeff 047 200
al_coeff .057 200

AUC 042 200

results of the third analysis were used to test Hypothesis 2.

4.1 First Analysis

In this section, we first represent the statistical test results on Dataset 1.1 and Dataset
1.2. We then illustrate the classification accuracies obtained by three state-of-the-art

algorithms, namely SVM, Adaboost and Random Forest.

4.1.1 Statistical Test Results

Statistical analyses provide useful information that enable us to detect any relation
between the data samples belonging to different classes. One of the most powerful
tools to extract statistical information from a given dataset is the T-Test analysis.

There exist parametric and non-paramteric T-Test analyses which are specialized to
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Table4.2: Mann-Whitney U Test Results for the first analysis

|  Features | Mann-Whitney U |  Z | 2-tailed Asymp. Sig. (p) |

min_ent 7985.000 -2.019 045
max_ent 8886.500 -.042 .966
mean_ent 7864.000 -1.651 .099
std_ent 8356.000 -.870 384
median_ent 8142.500 -1.209 227
kurt_ent 7944.000 -1.964 028
skew_ent 8728.000 -.281 779
max_abs 8217.000 -1.091 275
mean_abs 7505.000 -2.220 026
std_abs 8756.000 -.236 .813
median_abs 7272.000 -2.589 010
kurt_abs 7411.000 -2.369 018
skew_abs 7299.000 -2.546 011
slope_abs 8600.000 -.484 .629
curve_1_abs 8555.000 -.555 .579
curve_2_abs 8495.000 -.650 516
curve_diff_abs 7997.500 -2.205 016
a3_coeff 8513.000 -.622 534
a2_coeff 8016.000 -1.410 .159
al_coeff 7601.000 -2.068 039
a0_coeff 8454.000 -2.132 013
AUC 7500.000 -2.228 026

normal and non-normal distributions respectively. Therefore, to be able to perform
the appropriate T-Test analysis, we need to know about the distribution of our features
extracted from the datasets. To this end, we first applied a normality test on the
features obtained from both Dataset 1.1 and Dataset 1.2 using SPSS Statistics v.24 to

check whether they have a normal distribution or not.

We performed Kolmogorov-Smirnov normality test consisting of two hypotheses,
where the null hypothesis was associated with the normal distribution. We fed our
features into this test and obtained the corresponding significance values, denoted
as p. Here, p represents the probability of Type 1 error, i.e., rejecting the null hy-
pothesis when it is true. Therefore, higher values of p indicate that null hypothesis
should not be rejected. We chose the confidence interval as 95%, which means we
assigned features with p > 0.05 as normally distributed. In Table 4.1, the normally
distributed features are indicated in bold letters. Since not all the features are normally

distributed, we decided to use non-parametric T-Test analysis.
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Table4.3: Behavioral Response Accuracies

Accuracy (%)
Subjects | Part 1 | Part 2
S1 95 90
S2 95 90
S3 95 95
S4 100 90
S5 85 85
S6 75 85
S7 70 45
*S8 50 45
S9 90 75
S10 70 65
*S11 | 45 65
*S12 | 60 55
S13 70 60
S14 75 65

Similar to the structure of the normality test, non-parametric T-Test also has the form
of binary hypothesis testing, where the null hypothesis is associated with no differ-
ence case, 1.e., the data samples belonging to different classes are not separable. We
used Mann-Whitney U Test to obtain the 2-tailed asymptotic significance p, where
p denotes the probability that there is no observable difference exists between the
data samples of different classes. The confidence interval for this test, same as the
normality test, was chosen as 95%. This suggests that features with p < 0.05 imply
significant difference. In Table 4.2, we illustrate the p values of the features, where
the features in bold letters have p values less than 0.05. Based on these results, we
observed that it is possible to separate the pupillary responses of neutral and stress
states. This indicates that the cognitive load achieved by increased number of arrows

has an impact on the pupillary response, which supports our Hypothesis 1.

4.1.2 Classification Results

In this section, we present the classification accuracies obtained by 3 different state-

of-the-art algorithms, i.e., SVM, Adaboost and Random Forest. We denoted Dataset
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Table4.4: Classification Accuracies of Subject Based Analysis

SVM
Subjects | Accuracy |
1 80
2 57.15
3 65
4 65
5 66.67
6 60
7 75
8 66.67
9 66.67
10 61.91
11 60
12 72.73
13 66.67
14 69.23

Adaboost Random Forest
| Subjects | Accuracy | | Subjects | Accuracy

1 93.33 1 80
2 71.43 2 61.91
3 60 3 55
4 60 4 60
5 66.67 5 62.5
6 64 6 56
7 71.87 7 81.25
8 79.17 8 68.3
9 75 9 55.56
10 60.61 10 62.38
11 60 11 70
12 59.09 12 59.09
13 66.67 13 61.90
14 64.84 14 78.06

Table4.5: Classification Accuracies of Collective Analysis

SVM

Adaboost

Random Forest

Cumulative
Accuracy

60.36

61.96

58.04
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Table4.6: Effects of Different Feature Sets on Classification Accuracies

Analysis 1

Classification Algorithm | Entropy | Absolute | Global

SVM 55.6 53.73 54.12
Adaboost 54.9 55.3 52.16
Random Forest 50.58 56.08 52.18

1.1 as the neutral class that refers to O in classification analysis and Dataset 1.2 as the
stress class that refers to 1 during classification. We obtained 22 features and used all

these features during analyses.

At first, we realized subject by subject classification, where the pupillary response
of each subject was evaluated individually to determine the neutral versus stressed
state of that subject. In Table 4.3, behavioral performance of the subjects are shown,
based on their accuracies in counting the arrows. Except for 4 subjects, all subjects
achived a performance above chance level (55%) in both parts of the task. In Table
4.4, we represent the classification accuracies for the individual cases. Considering
the subject by subject classification accuracies in Table 4.4, we observed that it is
possible to achieve a classification accuracy between 62.38% and 93.33% depending
on the subject, regardless of the classifier used (best classifier performance for each
subject is shown with boldface). These results indicate that the pupillary response is
certainly affected by cognitive load, which is achieved by increasing the number of

arrows.

In collective analysis, we eliminated some of the subjects with low performance
(these are shown by asterisk in Table 4.3). During Part 1 of the experiment, sub-
jects gave correct answers with 77% accuracy on average. In Part 2, this average
behavioral response decreases to 72% since the task was harder. Therefore, when
we evaluated subjects’ performance, the response accuracy on the first part was the
criteria for elimination. In this case, the data of 3 subjects were removed before the

collective classification. Table 4.5 shows the results of collective analysis.

We found out that the algorithms SVM, Adaboost and Random Forest obtain accu-

racies of 60.36%, 61.96% and 58.04% respectively for the collective classifications.
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Table4.7: Effect of Different Folds on Classification Accuracies

Analysis 1
Classification Algorithm | 5 folds | 10 folds | 15 folds

SVM 54.65 56.16 51.65
Adaboost 54.05 60.66 50.75
Random Forest 57.36 58.86 60.36

Although collective classification accuracies are not as high as the individual results,
they still show that the pupillary responses of the neutral and the stress cases are

separable. Overall, the classification accuracies support the Hypothesis 1.

The 22 features used in classification can be divided into three categories as entropy
based features, absolute data features and global features as described in Appendix K.
When we analyzed our data by exlusively using features from a single category, the
accuracy results given in Table 4.6 are obtained. Overall, the classification accuracy
of features in the three categories are similar, and much lower than the combined set

of 22 features.

4.1.3 Effect of Algorithm Parameters

We further evaluated the classification results by examining the effects of different
parameter selections. We focused on 3 different parameters, where the first one is the
number of folds used for cross validation, the second one is the size of the window
used for moving average filter in the preprocessing stage and the last parameter is the

size of the window that we used to extract entropy related features.

In Table 4.7, we illustrate the collective classification accuracies of each algorithm
for different fold numbers of 5, 10 and 15. Based on these results, we decided to use
10 fold cross validation for each algorithm. In this comparison, the window sizes for
the moving average filter and the entropy based features were selected as 20 and 100

respectively.

In Table 4.8, we represent the collective classification accuracies of each algorithm for

different window sizes that we used for moving average filtering. We deduced from
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Table4.8: Effect of Window Size (Moving Average Filter)

Analysis 1
Classification Algorithm | WS=5 | WS=10 | WS=20 | WS=30 | WS=40
SVM 5435 | 55.25 56.16 53.15 50.46
Adaboost 5495 | 57.96 60.66 56.46 54.96
Random Forest 54.65 | 54.65 58.86 | 51.95 52.05

Table4.9: Effect of Window Size (Entropy Based Features)

Analysis 1
Classification Algorithm | WS=10 | WS=25 | WS=50 | WS=100 | WS=150
SVM 56.16 60.36 56.16 56.16 59.76
Adaboost 59.16 61.96 56.46 60.66 56.76
Random Forest 58.56 58.04 56.76 58.86 55.86

these results that a moving average with window size 20 gives the best accuracies.
Thus, for the first analysis, we chose the window size as 20. The number of folds and
the window size for entropy based features were selected as 10 and 100 respectively

for this comparison.

In Table 4.9, we provide the collective classification accuracies for different window
sizes that we used for extracting entropy based features. We observed that the best
accuracies are obtained when the window size is 25. In this comparison, the number
of folds and the window size of the moving average filter were chosen as 10 and 20

respectively.

The classification accuracies given in Table 4.4 and 4.5 were obtained by using the

optimal parameters found in this section.

4.2 Second Analysis

In this section, we first represent the statistical test results on Dataset 2.1 and Dataset
2.2. We then illustrate the classification accuracies obtained by three state-of-the-art

algorithms, namely SVM, Adaboost and Random Forest.
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Table4.10: Normality test for the second analysis

| Features | Statistic | Sig. (p) |
min_ent 319 .000
max_ent .395 .000
mean_ent .069 200
std_ent .098 200
median_ent 132 .000
kurt_ent 175 .000
skew_ent 103 200
max_abs 086 200
mean_abs 118 122
std_abs 062 200
median_abs 101 200
kurt_abs .199 .000
skew_abs 138 .029
slope_abs .083 200
curve_1_abs .090 200
curve_2_abs 097 200
curve_diff_abs 086 200
a3_coeff 410 .000
a2_coeff 236 .000
al_coeff .097 200
al_coeff .085 200
AUC 118 113

4.2.1 Statistical Test Results

Similar to the previous analysis, we first performed a normality test on the features
obtained from Dataset 2.1 and Dataset 2.2 in order to decide whether the distribution
is normal or not. The results of the Kolmogorov-Smirnov normality test is given in
Table 4.10. It is clear there are features that have a p value of less than 0.05. Hence,
not all the features are normally distributed. As a result, we continued to use the
non-parametric Mann-Whitney U Test in order to detect any significant difference

between the feature sets obtained from Dataset 2.1 and Dataset 2.2.

In Table 4.11, we represent the results of Mann-Whitney U Test. We observed that
there exist features with p value less than 0.05. As discussed earlier, this shows that
some features have a significant difference, which imply that it is possible to separate
the datasets. With these observations, we can say that increasing the cognitive load

by destroying the background has an effect on pupil dilation, which supports the
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Table4.11: Mann-Whitney U Test Results for the second analysis

|  Features | Mann-Whitney U |  Z | 2-tailed Asymp. Sig. (p) |

min_ent 998.000 -2.041 028
max_ent 1173.000 -.564 .598
mean_ent 1100.000 -2.127 .038
std_ent 948.000 -1.626 .104
median_ent 1150.000 -.167 867
kurt_ent 1087.000 -.621 .534
skew_ent 1101.000 -.520 .603
max_abs 1140.000 -2.238 012
mean_abs 1163.000 -2.072 032
std_abs 1164.000 -.065 948
median_abs 1167.000 -.043 965
kurt_abs 1112.000 -441 .659
skew_abs 1162.000 -.079 .937
slope_abs 1029.000 -1.040 298
curve_1_abs 1081.000 -.665 .506
curve_2_abs 1053.000 -.867 .368
curve_diff_abs 1003.000 -2.229 014
a3_coeff 1138.000 -.253 .800
a2_coeff 1163.000 -.072 942
al_coeff 1165.000 -.058 954
a0_coeff 1164.000 -.065 948
AUC 1165.000 -.058 954

Hypothesis 1.

4.2.2 Classification Results

In this section, we present the classification accuracies obtained by the same state-
of-the-art algorithms used in previous analysis, i.e., SVM, Adaboost and Random
Forest. In this case, we labeled Dataset 2.1 as the neutral class and Dataset 2.2 as
the stress class. Similar to the previous analysis, we performed both collective and
subject by subject classification. Similar to the former collective analysis, the data
of some subjects were eliminated based on their responses on the given task during
the experiment. We asked subjects the number of arrows on images and if the sub-
ject failed to achieve 70% accuracy on the given task, we removed its data from the
collective analysis. During Part 1 of the experiment, subjects gave correct answers
with 67% accuracy on average. In Part 2, this average behavioral response decreases

sharply to 47% which indicates that subjects had difficulty to complete the task. Addi-
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Table4.12: Behavioral Response Accuracies

Accuracy (%)

Subjects | Part 1 | Part 2
*S1 50 50
*S2 60 55
*S3 60 40
S4 70 40
S5 85 45
S6 85 50
*S7 60 50
*S8 65 65
S9 70 15
*S10 | 60 50
*S11 65 45
*S12 | 55 30
S13 80 60

tionally, we also analyzed the responses of the subjects to the debriefing form. Some
subjects said that they were excited from the beginning (see Appendix I). These sub-
jects data were also excluded from the collective analysis. In this case, the data of 8
subjects were removed before the collective classification (see Table 4.12, (*) mark is
for the eliminated subjects). We illustrate the classification accuracies in Table 4.13

and 4.14.

In Table 4.13, for the classification of individual subject data, classification accuracies
that are highest for each subject are shown in bold face. For each subject, the highest
classification accuracy of cognitive state varied between 63.16% and 87.5%. With
these results, we can claim that the pupillary response is affected by cognitive load

created by destroying background of the stimuli.

For the collective classification, results are presented in Table 4.14. Even though
the accuracies, i.e., 61.85% for SVM, 58.72% for Adaboost and 57.73% for Random
Forest, are lower than the individual cases, they still illustrate the effect of cognitive
load on pupillary response. Similar to the previous analysis, we used 22 features
during classification. These features can be categorised into three groups and the

evaluation based on these categories can be seen in Table 4.15.
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Table4.13: Classification Accuracies of Subject Based Analysis

SVM Adaboost Random Forest
Subjects | Accuracy | | Subjects | Accuracy | | Subjects | Accuracy

1 69.57 1 65.22 1 60.87
2 69.23 2 61.54 2 61.54
3 68.75 3 87.5 3 62.5
4 61.90 4 76.19 4 66.67
5 75 5 69.16 5 58.33
6 75 6 75 6 60.37
7 57.63 7 65.22 7 54.17
8 63.16 8 57.89 8 62.63
9 66.67 9 61.90 9 56.38
10 63.64 10 50 10 54.64
11 60 11 64 11 68
12 75 12 75 12 75
13 71.05 13 76.32 13 63.16

Table4.14: Classification Accuracies of Collective Analysis

SVM | Adaboost | Random Forest

Cumulative | o ¢s| 5872 57.73

Accuracy

4.2.3 Effect of Algorithm Parameters

We again evaluate the classification results by examining the effect of parameters
given in the previous section. In Table 4.16, we illustrate the collective classification
accuracies of each algorithm for different fold numbers of 5, 10 and 15. Based on
these results, we decided to use 10 fold cross validation for each algorithm, similar to
the analysis 1. In this comparison, the window sizes for the moving average filter and

the entropy based features were selected as 20 and 100 respectively.

In Table 4.17, we represent the collective classification accuracies of each algorithm
for different window sizes that we used for moving average filtering. We deduced
from these results that a moving average with window size 20 gives the best accu-
racies. Thus, for this analysis, we again chose the window size as 20. The number
of folds and the window size for entropy based features were selected as 10 and 100

respectively for this comparison.
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Table4.15: Effects of Different Feature Sets on Classification Accuracies

Analysis 2

Classification Algorithm | Entropy | Absolute | Global

SVM 56.7 58.7 57.8
Adaboost 52.53 50.52 56.7
Random Forest 50.52 54.6 51.5

Table4.16: Effects of Different Folds on Classification Accuracies

Analysis 2
Classification Algorithm | 5 folds | 10 folds | 15 folds

SVM 50.89 55.87 54.80
Adaboost 51.96 56.23 56.23
Random Forest 51.60 57.29 56.23

In Table 4.18, we provide the collective classification accuracies for different window
sizes that we used for extracting entropy based features. We observed, different from
analysis 1, that the best accuracies are obtained when the window size is 10. In this
comparison, the number of folds and the window size of the moving average filter

were chosen as 10 and 20 respectively.

The classification accuracies given in Table 4.13 and 4.14 were obtained by using the

optimal parameters found in this section.

4.3 Third Analysis

In this section, different from the previous two analyses, we investigate the effect of
emotional load in term of color on the pupillary response. Therefore, we compared
Dataset 1.1 with Dataset 2.1. Similar to the previous analyses, we first represent the
statistical test results on Dataset 1.1 and Dataset 2.1. We then illustrate the classifica-
tion accuracies obtained by three state-of-the-art algorithms, namely SVM, Adaboost

and Random Forest.
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Table4.17: Effect of Window Size (Moving Average Filter)

Analysis 2
Classification Algorithm | WS=5 | WS=10 | WS=20 | WS=30 | WS=40

SVM 51.96 53.02 55.87 55.16 52.67
Adaboost 52.45 54.65 56.23 55.87 54.05
Random Forest 52.67 51.89 57.29 56.95 53.19

Table4.18: Effects of Window Size (Entropy Based Features)

Analysis 2

Classification Algorithm | WS=10 | WS=25 | WS=50 | WS=100 | WS=150

SVM 61.85 53.74 53.74 55.87 56.23
Adaboost 58.72 53.38 55.52 56.23 54.45
Random Forest 57.73 56.58 54.80 57.29 55.16

Table4.19: Normality test for the third analysis

[ Features | Statistic | Sig. (p) |

min_ent 052 200
max_ent 103 200
mean_ent 051 200
std_ent .080 200
median_ent 062 200
kurt_ent 105 200
skew_ent 071 200
max_abs 083 200
mean_abs .069 081
std_abs .082 200
median_abs .062 200
kurt_abs 176 .000
skew_abs 136 .200
slope_abs 075 200
curve_1_abs .190 .000
curve_2_abs .164 .000
curve_diff_abs 132 .019
a3_coeff 274 .000
a2 _coeff .148 .005
al_coeff 072 200
al_coeff 077 200
AUC 069 200
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Table4.20: Mann-Whitney U Test Results for the third analysis

|  Features | Mann-Whitney U |  Z | 2-tailed Asymp. Sig. (p) |

min_ent 1290.000 -2.720 012
max_ent 1105.000 -1.891 .059
mean_ent 1031.000 -2.357 018
std_ent 1334.000 -2.142 036
median_ent 1049.000 -2.244 025
kurt_ent 1303.000 -.638 523
skew_ent 1228.000 -1.112 266
max_abs 1081.500 -2.039 041
mean_abs 1316.000 -.556 578
std_abs 884.000 -3.286 001
median_abs 1312.000 -.581 .561
kurt_abs 1240.000 -1.036 .300
skew_abs 1372.000 -.202 .840
slope_abs 1377.000 -2.192 035
curve_1_abs 1100.000 -.171 .865
curve_2_abs 1137.000 -1.687 .092
curve_diff_abs 1172.500 -2.163 042
a3_coeff 1268.000 -2.059 046
a2_coeff 1223.000 -2.144 039
al_coeff 1161.000 -2.236 025
a0_coeff 1288.000 -.733 464
AUC 1311.000 -.588 557

4.3.1 Statistical Test Results

Similar to the previous analyses, we again performed a normality test on the features
obtained from Dataset 1.1 and Dataset 2.1. The results of the Kolmogorov-Smirnov
normality test is given in Table 4.19. Based on these results, we observed that not all
the features are normally distributed. Thus, we performed the non-parametric Mann-
Whitney U Test in order to detect any significant difference between the feature sets

obtained from Dataset 1.1 and Dataset 2.1.

We represent the results of Mann-Whitney U Test in Table 4.20. As discussed earlier,
we again observed some features with p value less than 0.05 which shows a significant
difference. So, with these results we conclude that these datasets are separable that
means color as an emotional load has an effect on pupil dilation, which supports the

Hypothesis 2.
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Table4.21: Effects of Different Feature Sets on Classification Accuracies

Analysis 3

Classification Algorithm | Entropy | Absolute | Global

SVM 56.6 66.04 64.15
Adaboost 53.78 64.15 63.21
Random Forest 52.6 62.26 64.15

Table4.22: Effects of Different Folds on Classification Accuracies

Analysis 3
Classification Algorithm | 5 folds | 10 folds | 15 folds

SVM 61.03 64.83 62.41
Adaboost 57.93 61.72 58.62
Random Forest 56.90 60.69 58.62

4.3.2 Classification Results

In this section, we present the classification accuracies obtained by the same state-of-
the-art algorithms used in previous analysis, i.e., SVM, Adaboost and Random Forest.
In this case, we labeled Dataset 1.1 as the stress class and Dataset 2.1 as the neutral
class as color has an effect on emotions. All features were used during analysis and
the effect of each feature set on the classification accuracy is given in Table 4.21. Dif-
ferent from the previous analyses, we only performed collective classification since
the subjects in each dataset were different. In Table 4.25, cumulative classification
accuracies are represented. Based on these results, we obtained a classification ac-
curacy of 69.81% by SVM, 64.15% by Adaboost and 66.04% by Random Forest. In
comparison, these accuracies are larger than those of analysis 1 and analysis 2. With
these results, we can claim that the pupillary response is affected by emotional load

in terms of the presence of color.
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Table4.23: Effects of Window Size (Moving Average Filter)

Analysis 3
Classification Algorithm | WS=5 | WS=10 | WS=20 | WS=30 | WS=40
SVM 55.86 | 61.03 64.83 | 5931 57.93
Adaboost 60.34 | 58.72 61.72 | 60.69 57.38
Random Forest 58.62 | 59.65 60.69 58.62 57.16

Table4.24: Effects of Window Size (Entropy Based Features)

Analysis 3
Classification Algorithm | WS=10 | WS=25 | WS=50 | WS=100 | WS=150
SVM 63.10 63.45 69.81 64.83 61.72
Adaboost 61.72 60.69 64.15 61.72 63.45
Random Forest 63.10 62.07 66.04 60.69 59.65

4.3.3 Effect of Algorithm Parameters

We similarly evaluate the classification results by analyzing the effect of parameters
given in the previous section. In Table 4.22, we illustrate the collective classification
accuracies of each algorithm for different fold numbers of 5, 10 and 15. Based on
these results, we decided to use 10 fold cross validation for each algorithm, similar to
the analysis 1 & 2. In this comparison, the window sizes for the moving average filter

and the entropy based features were selected as 20 and 100 respectively.

In Table 4.23, we represent the collective classification accuracies of each algorithm
for different window sizes that we used for moving average filtering. We observed
that a moving average with window size 20 gives the best accuracies and chose the
window size as 20. The number of folds and the window size for entropy based

features were selected as 10 and 100 respectively for this comparison.

In Table 4.24, we provide the collective classification accuracies for different window
sizes that we used for extracting entropy based features. We obtained that the best
accuracies are gained when the window size is 50 -unlike previous analyses. In this
comparison, the number of folds and the window size of the moving average filter

were chosen as 10 and 20 respectively.
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Table4.25: Classification Accuracies of Collective Analysis

SVM | Adaboost | Random Forest

Cumulative | co ¢1 | 64.15 66.04

Accuracy

The classification accuracies mentioned in the previous subsection were obtained by

using the optimal parameters found in this section.
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CHAPTER 5

DISCUSSION

The aim of this thesis was to examine the marginal effects of cognitive and emotional
factors on pupil dilation. The pupillary responses were recorded during two phases of
the experiments in which cognitive load was manipulated. The four different datasets
were utilized in three different analyses to verify our hypotheses. In line with the
aims of the study and literature review provided on Chapter 2, we hypothesized that
intense pupil dilation is observed with increased cognitive or emotional stressors and
can be used to detect stressful state. Our results showed that higher dilations occur

when assigning difficult tasks or showing colored images.

The effects of viewing negative images and regulating emotions by changing these
images on pupil dilation and skin conductance were investigated in the study of
Kinner et al. (2017). Although pupil dilation is modulated by emotion regulation
strategies, skin conductance is not affected. This study shows that pupil dilation is
not only affected by emotional responses but also emotional regulation strategies.
Based on the authors, these strategies provide evidence for increased cognitive effort:

pupil dilates more with active cognitive load.

Plechawska-W¢jcik and Borys (2016) proposed an approach where EEG signals are
combined with pupillary response to detect cognitive load. Three participants per-
formed experiments with an increased difficulty level. The subject-based analyses

showed that pupil data enable detection of cognitive load similar to EEG results.

In the study of Snowden et al. (2016), the emotional response on pupil dilation was
investigated by showing both neutral and fearful images. During one of the experi-

ments, they examined passive and active viewing where the cognitive load increases
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in active viewing. Their results showed no difference between passive and active
viewing. This might be interpreted as emotional load represses the effect of cognitive
load on pupil dilation or it can be said that emotional load has more intense effect on

pupil dilation than cognitive load similar to our findings.

The proposed method used in Baltaci and Gokcay (2016) combines both pupillary
response and thermal data. During emotional image viewing, they recorded both pupil
and thermal data. They detected stress states of a user by implementing Adaboost and
Decision Tree algorithms. Their accuracy rate ranged between 80-84% by Adaboost

with Random Forest algorithm.

In the study of Jiang et al. (2015) the effect of visual motor task as an increased
cognitive load on pupil dilation was investigated. A one-handed grasper was used
by subjects to point to circles displayed on a monitor. According to the results of
this study, the continuous movement task increased the cognitive load and this lead to

greater pupil dilation.

The study of Aracena et al. (2015) proposed a classification approach for emotion
detection. During image viewing, they recorded pupillary responses and used them
in their neural network model and decision tree algorithm. Their study revealed a

classification accuracy in the range of 70-78% on subject based analyses.

Pedrotti et al. (2014) also studied neural networks for stress detection. They collected
their data from both pupillary response and electrodermal activity. They found that
electrodermal activity signals are less capable of separating emotional states than
pupil dilation. Their model achieved an accuracy of 79.2% which indicates that pupil

dilates more with stressful conditions.

The study of Y. Gao et al. (2013) evaluated pupillary responses to identify the com-
puter user’s emotional states. Their signal processing depended on Kalman filtering,
Wavelet denoising and Walsh transform. They used five classification algorithms and
obtained accuracies in the range of 80-85%. Although they obtained high accuracy on
collective analysis, their method requires many pre-processing steps which obstruct

real-time analysis.

Klingner et al. (2011) studied the effects of visual and auditorial presentation on cog-
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nitive load by performing three different tasks. They recorded pupil data during ex-
periments and found that active cognitive load evokes greater pupil dilation which

confirms our results.

In the study of Zhai and Barreto (2006), the identification of stress is performed by us-
ing SVM algorithm. They used not only pupil dilation signals but also blood volume
pulse and galvanic skin response signals. Their accuracy reached up to 80% yet their

system had remote sensors and this makes it unsuitable for real-time environment.

Overall our results are consistent with the literature (see Table 5.1). Most studies in
the literature have been identifying stress by showing emotional pictures. Different
from that, in this thesis, we mainly focused on different tasks that aimed to increase
cognitive load to detect stress. Moreover, although there are several studies regard-
ing the effects of color on emotions by creating an color-emotion model, this study

investigates emotional effect of colors on a pupillary responses.

With respect to our hypotheses, stress detection by using pupil diameter is achiev-
able on the subject based evaluation. In the cognitive load factor, we found that the
neutral and stress classes of a subject can be classified with an accuracy between
87.75%-93.33%. However, on a collective based analysis, the best accuracy we ob-
tained was approximately 61% which is not suitable to built applications for. This
result can be due to subjective differences and inter-subject response variability so
that in a collective analysis, the characteristical differences between subjects might
decrease the overall accuracy. The previous experiences, different backgrounds and
the habits of participants can increase the heterogeneity in the group and this would
affect the group performance in a negative way. This difference between collective
and subjective analyses can also be seen in Appendix J. In these analyses, the en-
tropy values of the averaged and individual pupil data were compared. It is expected
that the entropy values of the averaged data should be lower than the individual trials
and the outcomes verify the situation where the subject based analyses have higher

accuracies.

In the emotional load factor, we used the effect of color and compared datasets which
corresponds the colored neutral images and grayscale versions of it. In this case, we

had to make a collective analysis and we could separate responses for colored and
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Table5.1: Summary of Studies Performing Classification Analysis

Reference Measurement Tech- | Classifiers Classification Accu-
niques racy
Vollflgéllziz’ ](S}laa?zgnic Naive Bayes,
Zhai & Barreto . ’ . SVM, Up to 80% (collective)
Skin Response, Skin ..
(2006) T Decision Tree
emperature
Naive Bayes,
Pupil Data, Galvanic RF, JRip, KNN, )
Gao et al. (2013) Skin Response Multilayer 80-85% (collective)
Perceptron
. Pupil Data, .
Pedrotti et al. . Neural network 79.2% (collective)
(2014) Electrodermal Activity
Aracena et al. | Pupil Data Neural network, | 70-78% (subject based)
(2015) Decision Tree
Baltaci & Gokcay | Pupil Data, Facial Tem- | Adaboost, RF, | 80-84% (collective)
(2016) perature Bagging, Deci-
sion Tree
87.75-93.33%
(best subject based)
61.96%
. (analysis 1 - collective)
Our Study Pupil Data Adaboost, RF,
SVM 61.85%
(analysis 2 - collective)
69.81%
(analysis 3 - collective)

grayscale datasets with 69.81% accuracy at best. This indicates there is a significant
difference between the pupil responses. We assumed that this difference arises from

the emotional load due to the presence of color.

5.1 Limitations and Suggestions for Future Work

There are some important limitations in our study regarding emotions, selected stim-
uli and data analyses. First of all, although statistically significant differences were
observed between groups, the number of participants are not enough to generalize
these results to entire society. Besides, even though high accuracy results are ob-
tained on subject-based analyses, the results of some subjects reveal no stress iden-
tification. Therefore, during participant selection, different questionnaires such as

Emotion Quotient Test might be used to increase the performance of emotion detec-
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tion experiments.

The human-computer interaction is an active environment with unpredictable shifts
between emotions due to dynamic real time stimuli. Although we conducted our ex-
periments in near real time, our stimuli did not evolve dynamically. Therefore, it
is needed to test the detection of stress in real-life emotional environment. In ad-
dition, some subjects stated that they felt excitement while starting the experiment.
Although we designed such an experiment that focused on increasing stress level on
second phase, some subjects might feel such positive stress during first and second
phases and this might effect the accuracy of results. For the third analysis, where
we examined the effect of emotional factors, we assumed that colorless (grayscale)
images do not cause emotional load, however, because of personal experiences and
association of objects with specific colors, these images might result in unwanted
emotional arousal — perhaps related to nostalgy in grayscale images. This is basically

due to the difficulty of creating an emotionless stimuli.

Another limitation of this study is related to the gender distribution of the participants.
The gathered data might be biased since the majority of the participants are female in
both experiments. There might be a physiological difference between the stress levels
of different genders. Hence, low classification accuracies for the collective analysis

might result from this issue.

We classified our data by using some of the state-of-the-art machine learning al-
gorithms. To achieve a higher classification accuracy, an intelligent fine-tuning of
the classification parameters is required. In addition, other classification algorithms
should be utilized and especially, deep learning method should be explored. To use
deep learning technique and to improve the performance of classifiers, larger amount
of experimental data should be gathered. Another approach to improve the classi-
fication accuracies might be to perform feature selection methods, such as PCA or
information gain. We divided our feature set into three categories and evaluated our
data by using each feature set separately. The results show that using each feature set
did not improve the accuracies. So, instead of categorising features it would be better

to use feature selection methods for future research.

We obtained better results in subject-based analyses compared to collective analy-
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ses due to within group heterogeneity. It means that the stress detection in human-
computer interaction might require an active intervention by the user’s side which is
not suitable for an automatic emotion detection system. With this perspective, future
research for automatic emotion detection system might be investigated with particular

attention toward facial expressions and facial temperature.

Another suggestion for future work is to combine classifiers with decision level fusion
to obtain higher accuracy results. In our classification accuracies, we observed that for
one subject, one classifier gave higher accuracy while other classifier underperformed.

So, with the fusion of classifiers, it would be possible to classify data better.

The experimental setup can be designed differently for the future studies. One sug-
gestion is to ask participants to count the number of arrows on a given image stimuli.
Different from this study, different grid sizes can be used for the background im-
age in each phase, i.e., arrows with no image (blank background) for the first phase
(baseline), arrows on top of a single image for the second phase, arrows on top of a
2 x 2 image grid for the third phase and arrows on top of a 7 x ¢ image grid for the
i'" phase. In this scenario, since the background is further distorted in each phase,
the cognitive load on the participants is expected to increase. Another suggestion
is to add one more experiment by scrambling the colored stimuli used in this study.
By this way, the effect of background distortion with the existence of color can be
examined. One final suggestion is to rotate the images used in the stimuli. In this
study, the objects in the stimuli are represented with their natural orientation in daily
life. The cognitive load can be increased by representing the objects with unnatural
orientations. For example, illustrating an upside down coffee cup might distract the
attention of participants. Apart from that, during experiment the eye movements can
be used to adjust and analyse the data. Since TOBII eye tracker assumes that pupils
focus on the middle of the screen, but participants move their eyes throughout screen
to perform the task, the position of pupils and the angle of the view can be included
for data analysis to improve the quality of the pupil diameter measurements. It is also
possible to evaluate the peak points of the data and whether these coincide with the
time of noticing arrows on the stimuli in order to find a relevant relationship between

the gaze and pupil diameter.
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CHAPTER 6

CONCLUSION

In this thesis, we investigated the effects of cognitive and emotional factors on pupil
dilation in a human-computer interaction environment. For this purpose, we per-
formed experiments with eye-tracker system and used IAPS neutral images as stim-
uli. We recorded pupillary responses during experiments in order to analyze them in
supervised classifiers. The reason for using machine learning classifiers is to verify
that cognitive and emotional factors induce distinguishable changes on the pupillary
responses. Our results indicate that cognitive and emotional factors cause greater

pupillary response compared to neutral state.

We had two different experiments where both of them focused on increasing cogni-
tive load. We also examined the effect of color as an emotional factor by analyzing
normalized pupillary responses on a collective basis. With this perspective, this the-
sis achieved detection rates comparable to the existing literature with respect to both
cognitive and emotional loads. This work also shows that the emotional response for

perceiving colors can be detectable from pupillary response.

The stress detection method of this study consists of featured-based classification.
Beside statistical features, exploring the use of entropy, regression slope and poly-
nomial functions can be considered as the main contributions of this thesis. The
pre-processing, feature extraction and classification methods presented in this thesis

are appropriate for emotion detection because they are practical and fast.

Our thesis obtained the accuracy results by using three machine learning algorithms,
i.e., SVM, Adaboost and Random Forest. Based on our classification results, we

observed that subject-based detection of cognitive load from pupillary responses is
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feasible. Our best result was 93.33% in the first analysis and 87.5% in the second
analysis. This indicates that cognitive factors generate larger pupil dilations. It also
shows the impact of subjective differences on a group accuracy. Additionally, based
on collective analyses, we noticed that the accuracy result of emotional load is higher

than the results of cognitive effect.

To conclude, we simulated a human-computer interaction environment and performed
stress detection techniques unobtrusively. Our results verify our current knowledge
concerning the impact of cognitive and emotional factors on pupil dilation. With other
classification techniques and dynamic stimuli, the presented method can be used for

real-time emotion classification in a customized manner for individual subjects.

70



REFERENCES

A. Just, M., & A. Carpenter, P. (1993). The intensity dimension of thought: Pupil-
lometric indices of sentence processing. Canadian journal of experimental
psychology = Revue canadienne de psychologie expérimentale, 47, 310-39.

Andreassi, J. (2006). Pupillary response and behavior. Psychophysiology: Human
Behavior and Physiological Response, 350-371.

Aracena, C., Basterrech, S., Snéel, V., & Velasquez, J. (2015). Neural networks
for emotion recognition based on eye tracking data. In (p. 2632-2637). doi:
10.1109/SMC.2015.460

Baltaci, S., & Gokcay, D. (2016). Stress detection in human—computer inter-
action: Fusion of pupil dilation and facial temperature features. Interna-
tional Journal of Human—Computer Interaction, 32(12), 956-966. Retrieved
from https://doi.org/10.1080/10447318.2016.1220069 doi:
10.1080/10447318.2016.1220069

Bandura, A. (1994). Self-efficacy. In V. S. Ramachaudran (Ed.), Encyclopedia of
human behavior (Vol. 4, p. 71-81). New York: Academic Press.

Bandura, A. (1997). Self-efficacy: The exercise of control. New York, NY, US: W H
Freeman/Times Books/ Henry Holt & Co.

Beale, R., Peter, C., Palen, L., Bgdker, S., Bainbridge, W., Lichtenstein, A., ... Jons-
son, I.-M. (2008). Affect and emotion in human-computer interaction.

Beatty, J. (1982). Task-evoked pupillary responses, processing load, and the structure
of processing resources. Psychological Bulletin, 91, 276-292.

Beatty, J., & Lucero-Wagoner, B. (2000). The pupillary system. In G. Berntson &
L. G. Tassinar (Eds.), Handbook of psychophysiology (p. 142-162). Hillsdale,
NJ: Cambridge University Press.

Beatty, J., & L Wagoner, B. (1978). Pupillometric signs of brain activation vary with
level of cognitive processing. Science (New York, N.Y.), 199, 1216-8.

Beck, A., Ward, C., Mendelson, M., Mock, J., & Erbaugh, J. (1961). An in-

71



ventory for measuring depression. Archives of General Psychiatry, 4(6),
561-571. Retrieved from http://dx.doi.org/10.1001/archpsyc
.1961.01710120031004 doi: 10.1001/archpsyc.1961.01710120031004

Bourne, E, L., & A. Yaroush, R. (2003). Stress and cognition: A cognitive psycho-
logical perspective. Unpublished manuscript, NASA grant NAG2-1561.

Bradley, M. M., & Lang, P. J. (1994).  Measuring emotion: The self-
assessment manikin and the semantic differential.  Journal of Behavior
Therapy and Experimental Psychiatry, 25(1), 49 - 59. Retrieved from
http://www.sciencedirect.com/science/article/pii/
0005791694900639 doi: https://doi.org/10.1016/0005-7916(94)90063-9

Bradley, M. M., Miccoli, L., Escrig, M. A., & Lang, P. J. (2008). The pupil as a
measure of emotional arousal and autonomic activation. Psychophysiology, 45
4, 602-7.

Cocker, K. (1996). Development of pupillary responses to grating stimuli. Oph-
thalmic and Physiological Optics, 16, 64-67.

Cohen, I., Sebe, N., Chen, L., Garg, A., & Huang, T. S. (2003). Facial expression
recognition from video sequences: Temporal and static modelling. In (pp. 160-
187).

Collyer, S., & Malecki, G. (1998). Tactical decision making under stress: History and
overview. InJ. A. Cannon-Bowers & E. Salas (Eds.), Making decisions under
stress: Implications for individual and team training (p. 3-15). Washington,
DC, US: American Psychological Association.

de Santos Sierra, A., Sanchez Avila, C., Casanova, J., & Bailador, G. (2011). Real-
time stress detection by means of physiological signals. In (p. 23-44).

Dinges, D. F., Venkataraman, S., McGlinchey, E. L., & Metaxas, D. N. (2007). Mon-
itoring of facial stress during space flight: Optical computer recognition com-
bining discriminative and generative methods. Acta Astronautica, 60(4), 341
- 350. Retrieved from http://www.sciencedirect.com/science/
article/pii/sS0094576506003079 (Benefits of human presence in
space - historical, scientific, medical, cultural and political aspects. A selec-
tion of papers presented at the 15th IAA Humans in Space Symposium, Graz,
Austria, 2005) doi: https://doi.org/10.1016/j.actaastro.2006.09.003

Duchowski, A. T. (2007). Eye tracking methodology: Theory and practice. Berlin,

72



Heidelberg: Springer-Verlag.

Efron, B., & Tibshirani, R. J. (1993). An introduction to the bootstrap (No. 57). Boca
Raton, Florida, USA: Chapman & Hall/CRC.

Ekman, P., & Friesen, W. V. (1982, 01). Felt, false, and miserable smiles. Journal of
Nonverbal Behavior, 6(4), 238-252. Retrieved from https://doi.org/
10.1007/BF00987191 doi: 10.1007/BF00987191

Ekman, P., & V. Friesen, W. (2003). Unmasking the face: A guide to recognizing
emotions from facial clues.

Eriksen, C. W., Lazarus, R. S., & Strange, J. R. (n.d.). Psychological stress
and its personality correlates.  Journal of Personality, 20(3), 277-286.
Retrieved from https://onlinelibrary.wiley.com/doi/abs/10
.1111/5.1467-6494.1952.tb01110.x doi: 10.1111/.1467-6494
.1952.tb01110.x

Folkman, S., S. Lazarus, R., Schetter, C., DeLongis, A., & Gruen, R. (1986). Dy-
namics of a stressful encounter: Cognitive appraisal, coping, and encounter
outcomes. Journal of Personality and Social Psychology, 50, 992-1003.

Gaillard, A. W. K. (1993). Comparing the concepts of mental load and
stress. Ergonomics, 36(9), 991-1005. Retrieved from https://doi.org/
10.1080/00140139308967972 (PMID: 8404841) doi: 10.1080/
00140139308967972

Gao, H., Yiice, A., & Thiran, J. P. (2014). Detecting emotional stress from facial
expressions for driving safety. In (p. 5961-5965). doi: 10.1109/ICI1P.2014
7026203

Gao, X., & Xin, J. (2006). Investigation of human’s emotional responses on colors.
Color Research & Application, 31,411 - 417.

Gao, Y., Adjouadi, M., Ren, P., & Barreto, A. (2013). Affective assessment by digital
processing of the pupil diameter. /EEE Transactions on Affective Computing,
4, 2-14. Retrieved from doi.ieeecomputersociety.org/10.1109/
T-AFFC.2012.25 doi: 10.1109/T-AFFC.2012.25

Gengoz, T. (2000). Pozitif ve negatif duygu 6lcegi: Gegerlik ve giivenirlik caligmasi.
Tiirk Psikoloji Dernegi, 15(46), 19-26.

Gerald Matthews, S. J. W. . R. B. S., D. Roy Davies. (2000b). Human performance:
Cognition, stress and individual differences. Philadelphia, PA: Taylor and Fran-

73



cis.

Hakerem, G. (1967). Pupillography. In P. Venables & I. Martin (Eds.), A man-
ual of psychophysiological methods (p. 335-349). Amsterdam: North Holland
Publishing Co.

Hess, E. H. (1965). Attitude and pupil size. Scientific American, 212, 46-54. doi:
10.1038/scientificamerican0465-46

Hess, E. H. (1972). Pupillometrics: A method of studying mental, emotional and
sensory processes. In N. S. Greenfield & R. A. Sternbach (Eds.), Handbook of
psychophysiology (pp. 491-531). New York: Holt, Rinehart & Winston.

H. Hess, E., & M. Polt, J. (1964). Pupil size in relation to mental activity during
simple problem-solving. Science (New York, N.Y.), 143, 1190-2.

Hudlicka, E. (2002). This time with feeling: Integrated model of trait and state effects
on cognition and behavior. Applied Artificial Intelligence, 16(7-8), 611-641.
Retrieved from https://doi.org/10.1080/08339510290030417
doi: 10.1080/08339510290030417

Hudlicka, E. (2003). To feel or not to feel: The role of affect in human-computer
interaction. International Journal of Human-Computer Studies, 59, 1-32.

Jaimes, A., & Sebe, N. (2007). Multimodal human—computer interaction:
A survey.  Computer Vision and Image Understanding, 108(1), 116 -
134. Retrieved from http://www.sciencedirect.com/science/
article/pii/S1077314206002335 (Special Issue on Vision for
Human-Computer Interaction) doi: https://doi.org/10.1016/j.cviu.2006.10
019

Jiang, X., Zheng, B., Bednarik, R., & Atkins, M. (2015). Pupil responses to contin-
uous aiming movements. International Journal of Human-Computer Studies,
83.

J Lang, P., M Bradley, M., & N Cuthbert, B. (2008). International affective picture
system (iaps): Affective ratings of pictures and instruction manual (rep. no.
a-8). Technical Report A-8.

Kahneman, D. (1973). Attention and effort. Prentice-Hall.

Kinner, V., Kuchinke, L., Dierolf, A., Merz, C., Otto, T., & T. Wolf, O. (2017).
What our eyes tell us about feelings: Tracking pupillary responses during emo-

tion regulation processes: Pupillary responses during emotion regulation. Psy-

74



chophysiology, 54.

Klingner, J., Kumar, R., & Hanrahan, P. (2008). Measuring the task-evoked pupillary
response with a remote eye tracker. In (pp. 69-72). New York, NY, USA:
ACM. doi: 10.1145/1344471.1344489

Klingner, J., Tversky, B., & Hanrahan, P. (2011). Effects of visual and verbal pre-
sentation on cognitive load in vigilance, memory, and arithmetic tasks. Psy-
chophysiology, 48, 323-32.

Lazarus, R. S. (1999). Stress and emotion: A new synthesis. New York, NY, US:
Springer Publishing Co.

Loewy, A. D. (1990). Autonomic control of the eye. In A. Loewy & K. Spyer (Eds.),
Central regulation of autonomic functions (p. 268-285). New York: Oxford
University Press.

Mandler, G. (1984). Mind and body: The psychology of emotion and stress. New
York: Norton.

Marshall, S. P. (2002). The index of cognitive activity: measuring cognitive workload.
In (p. 7-5-7-9). doi: 10.1109/HFPP.2002.1042860

Ou, L.-C., Luo, M., Woodcock, A., & Wright, A. (2004). A study of colour emo-
tion and colour preference. part i: Colour emotions for single colours. Color
Research & Application, 29, 232 - 240.

Partala, T., Jokiniemi, M., & Surakka, V. (2000). Pupillary responses to emotionally
provocative stimuli.

Partala, T., & Surakka, V. (2003). Pupil size variation as an indication of affec-
tive processing. International Journal of Human-Computer Studies, 59(1), 185
- 198. Retrieved from http://www.sciencedirect.com/science/
article/pii/S107158190300017X (Applications of Affective Com-
puting in Human-Computer Interaction) doi: https://doi.org/10.1016/S1071
-5819(03)00017-X

Pedrotti, M., Mirzaei, M. A., Tedesco, A., Chardonnet, J.-R., Mérienne, F., Benedetto,
S., & Baccino, T. (2014). Automatic stress classification with pupil diameter
analysis. International Journal of Human—Computer Interaction, 30(3), 220-
236. Retrieved from https://doi.org/10.1080/10447318.2013
.848320 doi: 10.1080/10447318.2013.848320

Picard, R. W. (1997). Affective computing. Cambridge, MA, USA: MIT Press.

75



Picard, R. W., Vyzas, E., & Healey, J. (2001). Toward machine emotional intel-
ligence: analysis of affective physiological state. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 23(10), 1175-1191. doi: 10.1109/
34.954607

Plechawska-W¢jcik, M., & Borys, M. (2016). An analysis of eeg signal combined
with pupillary response in the dynamics of human cognitive processing. In
(p- 378-385). doi: 10.1109/HSI.2016.7529661

Plutchik, R. (2001). The nature of emotions. American Scientist, 89, 344.

Pomplun, M., & Sunkara, S. (2003). Pupil dilation as an indicator of cognitive work-
load in human-computer interaction. Proceedings of the International Confer-
ence on HCI.

Rani, P., Sarkar, N., Smith, C. A., & Adams, J. A. (2003). Affective communication
for implicit human-machine interaction. In (Vol. 5, p. 4896-4903 vol.5). doi:
10.1109/ICSMC.2003.1245758

Roesch, S., Weiner, B., & Vaughn, A. (2002). Cognitive approaches to stress and
coping. Current Opinion in Psychiatry, 15, 627-632.

Sahraie, A., & Barbur, J. L. (1997). Pupil response triggered by the onset of
coherent motion. Graefe’s Archive for Clinical and Experimental Ophthal-
mology, 235(8), 494-500. Retrieved from https://doi.org/10.1007/
BF00947006 doi: 10.1007/BF00947006

Scheirer, J., Fernandez, R., Klein, J., & Picard, R. W. (2002). Frustrating the user on
purpose: a step toward building an affective computer. Interacting with Com-
puters, 14(2), 93-118. Retrieved from http://dx.doi.org/10.1016/
S0953-5438(01) 00059-5 doi: 10.1016/S0953-5438(01)00059-5

Shannon, C. E. (1948). A mathematical theory of communication. The Bell System
Technical Journal, 27(3), 379-423. doi: 10.1002/j.1538-7305.1948.tb01338.x

Smith, S. W. (1997-98). The scientist and engineer’s guide to digital signal process-
ing. California Technical Publishing.

Snowden, R., R O’Farrell, K., Burley, D., Erichsen, J., V Newton, N., & Gray, N.
(2016). The pupil’s response to affective pictures: Role of image duration,
habituation, and viewing mode. Psychophysiology, 53.

Sroykham, W., Wongsathikun, J., & Wongsawat, Y. (2014). The effects of perceiving

color in living environment on geeg, oxygen saturation, pulse rate, and emotion

76



regulation in humans. In (p. 6226-6229). doi: 10.1109/EMBC.2014.6945051

Surakka, V., & Hietanen, J. (1998). Facial and emotional reactions to duchenne and
non-duchenne smiles. In (Vol. 29, p. 23-33).

Tobii Technology, I. (2011). Tobii t60 & t120 eye tracker user manual [Computer
software manual].

Tortora, G. J. (1987). Principles of anatomy and physiology. Harper and Row.

Ukai, K. (1985). Spatial pattern as a stimulus to the pupillary system. J.
Opt. Soc. Am. A, 2(7), 1094-1100. Retrieved from http://josaa.osa
.org/abstract.cfm?URI=josaa-2-7-1094 doi: 10.1364/JOSAA.2
.001094

Valdez, P., & Mehrabian, A. (1995). Effects of color on emotions. Journal of experi-
mental psychology. General, 123, 394-409.

Watson, D., Anna Clark, L., & Tellegen, A. (1988). Development and validation of
brief measures of positive and negative affect: The panas scales. Journal of
Personality and Social Psychology, 54, 1063-1070.

Weiner, B. (1985). An attributional theory of achievement motivation and emotion.
Psychological review, 92, 548-73.

Witten, 1., & Frank, E. (2005). Data mining: Practical machine learning tools and
techniques (third edition).

Young, R. S., Han, B.-C., & Wu, P.-Y. (1993). Transient and sustained components
of the pupillary responses evoked by luminance and color. Vision Research,
33(4), 437 - 446. Retrieved from http://www.sciencedirect.com/
science/article/pii/004269899390251Q doi: https://doi.org/10
.1016/0042-6989(93)90251-Q

Yuen, P., Hong, K., Chen, T., Tsitiridis, A., Kam, F., Jackman, J., ... Lightman,
S. (2009). Emotional amp; physical stress detection and classification using
thermal imaging technique. In (p. 1-6). doi: 10.1049/ic.2009.0241

Zhai, J., & Barreto, A. (2006). Stress detection in computer users through non-
invasive monitoring of physiological signals. Biomedical sciences instrumen-
tation, 42, 495-500.

Zhai, J., Barreto, A. B., Chin, C., & Li, C. (2005). Realization of stress detec-
tion using psychophysiological signals for improvement of human-computer

interactions. In Proceedings. ieee southeastcon, 2005. (p. 415-420). doi:

77



10.1109/SECON.2005.1423280

78



APPENDIX A

BECK DEPRESSION INVENTORY

Asagida, kisilerin ruh durumlarini ifade ederken kullandiklari bazi ciimleler verilmistir.
Her madde, bir ¢esit ruh durumunu anlatmaktadir. Her maddede o ruh durumunun
derecesini belirleyen 4 secenek vardir. Liitfen bu secenekleri dikkatle okuyunuz. Son
bir hafta icindeki (su an dahil) kendi durumunuzu goz 6niinde bulundurarak, size en
uygun ifadeyi bulunuz. Daha sonra o maddenin yanindaki harfin iizerine (X) isareti

koyunuz.

1. (a) Kendimi iizgiin hissetmiyorum.
(b) Kendimi iizgiin hissediyorum.
(c) Her zaman i¢in ilizgiiniim ve kendimi bu duygudan kurtaramiyorum.

(d) Oylesine iizgiin ve mutsuzum ki dayanamiyorum.

2. (a) Gelecekten umutsuz degilim.
(b) Gelecege biraz umutsuz bakiyorum.
(c) Gelecekten bekledigim higbir sey yok.

(d) Benim i¢in bir gelecek yok ve bu durum diizelmeyecek.

3. (a) Kendimi bagarisiz gérmiiyorum.
(b) Cevremdeki bircok kisiden daha fazla basarisizliklarim oldu sayilir.

(c) Geriye doniip baktigimda, cok fazla basarisizligimin oldugunu goriiyo-

rum.

(d) Kendimi tiimiiyle basarisiz bir insan olarak goriiyorum.
4. (a) Her seyden eskisi kadar zevk alabiliyorum.
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10.

(b) Her seyden eskisi kadar zevk alamiyorum.
(c) Artik higbir seyden gercek bir zevk alamiyorum.
(d) Bana zevk veren hicbir sey yok. Her sey cok sikicr.

(a) Kendimi suclu hissetmiyorum.
(b) Arada bir kendimi suclu hissettigim oluyor.
(c) Kendimi ¢cogunlukla suc¢lu hissediyorum.

(d) Kendimi her an i¢in suclu hissediyorum.

(a) Cezalandirildigimi diistinmiiyorum.
(b) Bazi seyler i¢in cezalandirilabilecegimi hissediyorum.
(c) Cezalandirilmayi bekliyorum.

(d) Cezalandirildigimi hissediyorum.

(a) Kendimden hognutum.
(b) Kendimden pek hosnut degilim.
(c) Kendimden hi¢ hoglanmiyorum.

(d) Kendimden nefret ediyorum.

(a) Kendimi diger insanlardan daha kotii gormiiyorum.
(b) Kendimi zayifliklarim ve hatalarim i¢in elegtiriyorum.
(¢) Kendimi hatalarim i¢in ¢ogu zaman sugluyorum.

(d) Her kotii olayda kendimi su¢luyorum.

(a) Kendimi oldiirmek gibi diisiincelerim yok.

(b) Bazen kendimi 6ldiirmeyi diisiiniiyorum, fakat bunu yapmam.
(c¢) Kendimi oldiirebilmeyi isterdim.

(d) Bir firsatin1 bulsam kendimi 6ldiiriirdiim.

(a) Her zamankinden daha fazla agladigimi sanmiyorum.

(b) Eskisine gore su siralarda daha fazla agliyorum.

(c) Su siralarda her an agliyorum.

(d) Eskiden aglayabilirdim, ama su siralarda istesem de aglayamiyorum.
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1.

12.

13.

14.

15.

16.

(a) Her zamankinden daha sinirli degilim.
(b) Her zamankinden daha kolayca sinirleniyor ve kiztyorum.
(¢) Cogu zaman sinirliyim.

(d) Eskiden sinirlendigim seylere bile artik sinirlenemiyorum.

(a) Diger insanlara kars1 ilgimi kaybetmedim.
(b) Eskisine gore insanlarla daha az ilgiliyim.
(c) Diger insanlara kars1 ilgimin cogunu kaybettim.

(d) Diger insanlara kars1 hi¢ ilgim kalmadi.

(a) Kararlarimi eskisi kadar kolay ve rahat verebiliyorum.
(b) Su siralarda kararlarimi vermeyi erteliyorum.
(c) Kararlarimi vermekte oldukga giicliik cekiyorum.

(d) Artik hic karar veremiyorum.

(a) Dis goriiniisiimiin eskisinden daha kétii oldugunu sanmiyorum.
(b) Yaslandigimm ve ¢ekiciligimi kaybettigimi diisiiniiyor ve iiziiliiyorum.

(c) Dis goriiniisiimde artik degistirilmesi miimkiin olmayan olumsuz degisik-

likler oldugunu hissediyorum.

(d) Cok cirkin oldugumu diisiiniiyorum.

(a) Eskisi kadar iyi caligabiliyorum.

(b) Bir ise baglayabilmek icin eskisine gore kendimi daha fazla zorlamam

gerekiyor.
(c) Hangi is olursa olsun, yapabilmek i¢in kendimi ¢ok zorluyorum.

(d) Higbir is yapamiyorum.

(a) Eskisi kadar rahat uyuyabiliyorum.
(b) Su siralarda eskisi kadar rahat uyuyamiyorum.

(c) Eskisine gore 1 veya 2 saat erken uyaniyor ve tekrar uyumakta zorluk

cekiyorum.

(d) Eskisine gore ¢cok erken uyaniyor ve tekrar uyuyamiyorum.
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17.

18.

19.

20.

21.

(a) Eskisine kiyasla daha ¢abuk yoruldugumu sanmiyorum.
(b) Eskisinden daha ¢abuk yoruluyorum.
(c) Su siralarda neredeyse her sey beni yoruyor.

(d) Oyle yorgunum ki higbir sey yapamiyorum.

(a) Istahim eskisinden pek farkli degil.
(b) Istahim eskisi kadar iyi degil.
(c) Su siralarda igtahim epey kotii.

(d) Artik hi¢ istahim yok.

(a) Son zamanlarda pek fazla kilo kaybettigimi sanmiyorum.
(b) Son zamanlarda istemedigim halde ii¢ kilodan fazla kaybettim.
(c) Son zamanlarda istemedigim halde bes kilodan fazla kaybettim.
(d) Son zamanlarda istemedigim halde yedi kilodan fazla kaybettim.
Daha az yemeye calisarak kilo kaybetmeye calisityorum.
Evet () Hayir()
(a) Sagligim beni pek endiselendirmiyor.
(b) Son zamanlarda agri1, s1z1, mide bozuklugu, kabizlik gibi sorunlarim var.

(c) Agrn, s1z1 gibi bu sikintilarim beni epey endiselendirdigi icin baska seyleri

diisiinmek zor geliyor.

(d) Bu tiir stkintilarim beni dylesine endiselendiriyor ki, artik bagka higbir sey
diistinemiyorum.

(a) Son zamanlarda cinsel yasantimda dikkatimi ¢eken bir sey yok.

(b) Eskisine oranla cinsel konularla daha az ilgileniyorum.

(c) Su siralarda cinsellikle pek ilgili degilim.

(d) Artik cinsellikle hicbir ilgim kalmadi.
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APPENDIX B

POSITIVE AND NEGATIVE AFFECT SCALE (PANAS)

Bu 6lcek farkli duygulari tantmlayan bir takim sozciikler icermektedir. Su anda nasil
hissettiginizi diisiiniip her maddeyi okuyun. Uygun cevabi her maddenin yaninda
ayrilan yere (puanlar1 daire igine alarak) isaretleyin. Cevaplarinizi verirken asagidaki

puanlari kullanin.

1. Cok az veya hic 2. Biraz 3. Ortalama 4. Oldukca 5. Cok fazla

1. Tlgili 1 2 3 4 5
2. Sikintilt 1 2 3 4 5
3. Heyecanh 1 2 3 4 5
4. Mutsuz 1 2 3 4 5
5. Giiglu 1 2 3 4 5
6. Suclu 1 2 3 4 5
7. Urkmiis 1 2 3 4 5
8. Diismanca 1 2 3 4 5
9. Hevesli 1 2 3 4 5
10. Gururlu 1 2 3 4 5
11. Asabi 1 2 3 4 5
12. Uyanik (dikkati agik) | 1 2 3 4 5
13. Utanmis 1 2 3 4 5
14. [lhamli (yaratict

1 2 3 4 5
diisiincelerle dolu)
15. Sinirli 1 2 3 4 5
16. Kararli 1 2 3 4 5
17. Dikkatli 1 2 3 4 5
18. Tedirgin 1 2 3 4 5
19. Aktif 1 2 3 4 5
20. Korkmug 1 2 3 4 5
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APPENDIX C

INFORMED CONSENT FORM

Orta Dogu Teknik Universitesi Insan Arastirmalar Etik Kurulu

Goniillii Katihm (Bilgilendirilmis Onay) Formu

Orta Dogu Teknik Universitesi Enformatik Enstitiisii Saglik Bilisimi Boliimii 6gretim
tiyelerinden Y. Do¢. Dr. Didem Go&kgay tarafindan yiiriitiilmekte olan "Gz bebegi
kayitlarindan biligsel ve afektif siire¢ kestirimi" adli aragtirmaya katilmak i¢in secil-
diniz. Calismaya katilim goniilliiliik esasma dayahdir. Kararmizdan once aragtirma
hakkinda sizi bilgilendirmek istiyoruz. Bilgileri okuyup anladiktan sonra arastirmaya

katilmak isterseniz liitfen bu formu imzalayiniz.

Giinliik hayattmizda olumluluk acisindan farkli iceriklere sahip bir¢ok gorsel uyaranla
karsilagsmaktayiz. Bu uyaranlarin ayni zamanda heyecan verici olma, stres yaratma
gibi 6zellikleri de bulunabilir. Bu arastirmay1 yapma nedenimiz tiim bu maruz kaldigimiz
uyaranlarin duygusal ve biligsel siireclerde davraniglarimiz {izerindeki etkilerini in-

celemektir.

Calisma sirasinda sizden 2 deneye katilmaniz ve her birinde 20’ser resmi degerlendir-
meniz istenmektedir. Degerlendirme sirasinda gorsel uyaranin iizerindeki oklari say-
maniz ve odaklanma noktasini gordiigiiniiz sirada ok sayisini sesli bir sekilde belirt-
meniz beklenmektedir. Daha sonra size soylediginiz say1 lizerine dogru ya da yan-
lis olduguna dair bir geri bildirme yapilacaktir. Calismaya katilmay1 kabul ettiginiz
takdirde, deneyin isleyisi hakkinda bilgilendirileceksiniz. Caligsma siiresi yaklasik

yarim saat olarak planlanmustir.

Bu calismada gozbebegi biiyiimesini ve hareketlerini takip edip kayit altina almak

icin bir goz izleme cihaz1 kullanilmaktadir. Bu cihazlar insan sagligi ya da ruhsal
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durumu acisindan en ufak bir risk tegkil etmemektedir.

Bu formu imzalayarak arastirmaya katilim i¢in onay vermis olacaksiniz. Caligmay1
tamamladiginiz takdirde, kimlik bilgileriniz ¢calismanin herhangi bir asamasinda agikca
kullanilmayacaktir. Doldurdugunuz anketlere verdiginiz cevaplar ve arastirma siiresince
gorsel cihaz kullanilarak edinilen her tiirli bilgi yalmzca bilimsel amaglar icin kul-

lanilacaktir. Bilgileriniz hicbir kimse ile ya da ticari bir amag i¢in paylasilmayacaktir.

Calisma hakkinda daha fazla bilgi edinmek i¢in asagida belirtilen aragtirmacilarla

iletisime gecebilirsiniz.

Y. Do¢. Dr. Didem Gokgay, ODTU Enformatik Enstitiisii, A-216, (312) 210 3750,
dgokcay @metu.edu.tr

"Goz bebegi kayitlarindan biligsel ve afektif siire¢ kestirimi" ¢aligsmasi hakkinda bil-
gilendirildim. Caligmay1 istedigim zaman terk edebilecegimi ve bana ait kisisel bil-
gilerle beraber benden toplanan kisisel degerlendirmelerin hi¢bir zaman agikca kul-
lanilmayacagini biliyorum. Bu caligsmaya goniillii olarak katiliyorum. Kisisel bilgi-
lerimin hi¢bir sekilde paylasilmayacagini, sadece deneydeki performans faktorlerini

etkileyebilecegi i¢in soruldugunu biliyorum.
Ad, Soyad:

Tarih:

Imza:
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APPENDIX D

DEMOGRAPHIC INFORMATION FORM

Kigsisel Bilgiler:
Uygulama Tarihi: ... /... /...

Adi Soyadr:

Cinsiyeti: Kadm () Erkek ()

Dogum Tarihi: ... /... /...

Yast: ...

Medeni Hali: Evli () Bekar () Dul () Bosanmis ()
Meslegi: .......cooviiiiiiiii.

El Tercihi: Sag () Sol ()

Egitim Durumu:
Tkokul (0-5 y11) ()
Ortaokul (6-8 y1l) ()
Lise (9-12 y1l) ()

Universite (12+) ()

Saghk Durumuna lligkin Bilgiler:

Isitme Bozuklugu: Var () Yok ()
Varsa diizeltilmis mi? ...................... ...
Gorme Bozuklugu var mi1? Var () Yok ()

Varsa hangisi? Miyop () Astigmat () Hipermetrop ()
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Varsa diizeltilmis mi? .................oooiin..
Renk Korliigii: Var () Yok ()
Fiziksel Oziir: Var () Yok ()

Varsa tirii: ....ooovv

Gecirdigi Onemli Rahatsiziklar (Psikiyatrik, Norolojik veya Psikolojik):

Halen Kullanmakta Oldugu Ilag: Var () Yok ()
Varsa ilacin/ilaglarm adi: ...................... ..
Uzun Siire Kullanip Biraktigi Tlag: Var () Yok ()
Varsa ilacin/ilaglarim adi: ...
Varsa kullanim siiresi: ...,

Kadin ise son adet glinti: ....................coo..t
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APPENDIX E

DEBRIEFING FORM

. Deneyimizi nasil buldunuz?

. Kendi performansinizi nasil degerlendiriyorsunuz?

. Oklart tutarli olarak sayabildiginizi diistiniiyor musunuz?

. Birinci kisim ile ikinci kisim arasinda ne gibi bir fark hissettiniz?

. Birinci kisim ile ikinci kisim arasinda heyacanlanmanizda degisiklik oldu mu?

. Resimlerin icerikleri hakkinda ne diisiintiyorsunuz?

. Eklemek istediginiz bagka seyler var m1?
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APPENDIX F

PLOTS OF ENTROPY LEVEL AND PROBABILITY DISTRIBUTION

The analysis between the entropy levels and the probability of the data was performed
on a random trial. The window size was selected as the length of the whole trial. For
different discretization levels, the probability of the trial was calculated and evaluated.
The lowest and the highest levels give little information about the probability distribu-
tion while the middle values have meaningful results. In Figure F.7, the convergence

limit was provided such that as the level increases, the entropy value approaches 6.5.
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Figure F.1: Probability Distribution of a Random Trial for 4-level discretization
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Figure F.2: Probability Distribution of a Random Trial for 16-level discretization
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Figure F.3: Probability Distribution of a Random Trial for 32-level discretization
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Empirical PDF (64-level)
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Figure F.4: Probability Distribution of a Random Trial for 64-level discretization
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Figure F.5: Probability Distribution of a Random Trial for 128-level discretization
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Empirical PDF (256-level)
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Figure F.6: Probability Distribution of a Random Trial for 256-level discretization

Convergence of Entropy

{7

[} 50 100 150 200 250 300
Discretization Level

Figure F.7: Entropy Value for Different Discretization Levels
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APPENDIX G

PLOTS OF AVERAGED PUPIL DATA

All trials from all subjects were used to calculate averaged pupil data. As expected,
Part 2 datasets in Figure G.1 and Figure G.2 have higher pupil diameters compared
to the Part 1 datasets. Similarly, in Figure G.3, colored data is higher than grayscale
data which supports our Hypothesis.
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Figure G.1: Averaged Pupil Data for Dataset 1.1 (part 1) & 1.2 (part 2)
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Figure G.2: Averaged Pupil Data for Dataset 2.1 (part 1) & 2.2 (part 2)
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Figure G.3: Averaged Pupil Data for Dataset 1.1 (colored) & 2.1 (graycale)
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APPENDIX H

CLASSIFICATION ACCURACIES OF SELECTED ALGORITHMS

Each dataset was analyzed in WEKA with these given classification algorithms. The
feature set with 22 features was used without any feature selection methods. All these
classifiers were implemented with their default parameters in WEKA. The number of
folds was 10, the window size of moving average filter was 20 and the window size of
entropy based features was 100 during these analyses. The following accuracy results
belong to the collective analyses where all trials from all subjects were put together
in a pool to be classified as class 1 or 2. In our case, class 1 refers to neutral state
while class 2 is for the emotional state. Accuracy values above 55% were written in
bold. From these results, it is obtained that three classifiers which are SVM, Adaboost
and Random Forest have higher performance for each dataset. Therefore, these three

algorithms were selected for classification analysis.

|| Classification Algorithm | Dataset 1 | Dataset 2 | Dataset 3 ||

Naive Bayes 53.45 52.31 54.48
Logistic Regression 51.35 51.25 63.79
SVM 56.16 55.87 64.83
K-nearest 51.35 51.60 57.24
Adaboost 60.66 56.23 61.72
Bagging 54.95 53.74 60.34
Decision Tree 52.55 56.23 53.8
Random Forest 58.86 57.29 60.69
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APPENDIX I

RESPONSE REPORT OF DEBRIEFING FORM

At the end of our experiments, participants fill out debriefing form to express their
opinions about the process. The evaluation of the participants of Experiment 2 is as
follows.

1. Participants thought that the experiment was interesting, easy and fun.

2. About their performance, 6 subjects said they were moderate; 4 subjects said that
their performance in the first phase was good but the second part was difficult. 5 sub-
jects answered that their performance was bad.

3. 4 subjects thought that they counted the arrows consistently while 6 subjects
thought the reverse. 2 subjects thought that they counted arrows during the first part
coherently but they could not in the second phase. The rest of the participants an-
swered this question as moderate.

4. Most of the participants (11 subjects) said that the second phase was harder than
the first phase. One subject responded this question by saying that the content of the
second part was the destroyed version of the images in the first part. 2 subjects felt
no differences and the last subject thought that the first phase was harder.

5. About excitement, most of the participants (11 subjects) declared that they felt
excitement in the second phase. However, the rest of the participants said they felt
excitement at the beginning and also there was no difference regarding their emo-
tional state between the two phases.

6. 7 subjects did not notice the image content while 3 subjects found them as neutral
images and 2 subjects noticed the carpet and book images. One subject said the im-
ages were like indoor objects and another subject thought that they seemed like old

and nostalgic.
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APPENDIX J

THE COMPARISON OF ENTROPY FOR AVERAGED AND INDIVIDUAL
DATA

Neutral Trials - Entropy Histogram
1 T
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Figure J.1: Entropy Histogram of Averaged Pupil Data and Individual Trials of
Dataset 1.1
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Stress Trials - Entropy Histogram
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Figure J.2: Entropy Histogram of Averaged Pupil Data and Individual Trials of
Dataset 1.2
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Figure J.3: Entropy Histogram of Averaged Pupil Data and Individual Trials of
Dataset 2.1
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Figure J.4: Entropy Histogram of Averaged Pupil Data and Individual Trials of
Dataset 2.2
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APPENDIX K

CATEGORIES OF FEATURE SET

TableK.1: Types of features

Features Type
min_ent Entropy
max_ent Entropy
mean_ent Entropy
std_ent Entropy
median_ent Entropy
kurt_ent Entropy
skew_ent Entropy
max_abs Absolute
mean_abs Absolute
std_abs Absolute
median_abs Absolute
kurt_abs Absolute
skew_abs Absolute
slope_abs Absolute
curve_1_abs Absolute
curve_2_abs Absolute
curve_diff abs | Absolute
a3_coeff Global
a2_coeff Global
al_coeff Global
a0_coeff Global
AUC Global
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