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MACHINE LEARNING-ENABLED STRESS DETECTION IN CHILDREN

USING PHYSIOLOGICAL SIGNALS DURING ROBOT ASSISTED THERAPY

SUMMARY

Human is a system that constantly interacts with the environment involving in different
behaviours and emotional states. Some of the emotional states that are an important
part of human life can negatively affect a person’s health, such as stress. Stress reduces
people’s quality of daily life and causes health problems if it persists. Understand-
ing stress and emotional state is even more challenging for some people such as peo-
ple with Autism spectrum disorder (ASD).Individuals with ASD, especially children,
have difficulty expressing their emotions with facial gestures therefore facial emotion
recognition systems do not work as desired in children with autism. For this reason,
physiological components such as Electrodermal Activity (EDA), Blood Volume Pulse
(BVP), and Skin Temperature (ST), can be used for emotion and stress detection., and
can be an alternative for the facial systems.

This thesis is a part of the EMBOA Erasmus+ project where the aim is to detect the
emotion and stress of children from different modalities during robot-assisted autism
therapy sessions. Various studies were carried out with children within the scope of
this thesis. Our first study was conducted with data recorded during robot therapy with
children with ASD within the scope of the EMBOA project. The major challenges
in this workare the absence of a similar dataset with children with ASD and the chal-
lenge in labelling all of the data collected during the clinical studies. For this reason,
other known and labelled databases from similar domains are used in the analysis as
well. Signal analysis and filtering were provided and feature extractions were made.
The changes of children in therapy sessions with different robots were examined. In
addition, the relationship between physiological data and age groups for children in
different age groups in different countries was examined. Analyzes were performed
using ANOVA and T-test statistical analysis methods. Finally, in the test conducted
with typically developing primary school students, the setup was created using the
Stroop test. Thanks to this setup, the data is labeled. The obtained data were bandpass
filtered and EDA peaks were calculated. Afterwards, approximately 61 features were
extracted from the physiological data obtained. The number of features was reduced
to 10 using the MrMR feature selection algorithm. Afterwards, the XGBoost classi-
fication algorithm was used and classifications were made according to the situations
separated in the test. The trained model was analyzed using the SHAP algorithm. It
was determined which features were more effective on the model. Finally, the model
was trained using the LSTM algorithm, and the outputs were shared.
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COCUKLARDA MAKINE OGRENMESI iLE DESTEKLENMIS
ROBOT ILE YAPILAN TERAPI SIRASINDA FIZYOLOJIK
SINYALLERLE STRES TESPITI

OZET

Insan siirekli cevreyle etkilesim halindedir, icinde bulundugu ortam ve olaylar kisiyi
farkli duygu durumlarina dahil edebilmektedir. Giinliik yasamin énemli bir bileseni
olan duygu durumlarindan bazilar1 ise insanin saglhigin1 kétii yonde etkileyebilmekte-
dir. Bu duygularin baginda stres gelmektedir. Stres kisilerin giinliik yasam kalitesini
diistirmektedir, siirekli hale geldigi durumlarda ise mental ve fiziksel sorunlara sebep
olmaktadir. Bu sebeple stres ve duygu tespiti amaciyla literatiirde laboratuvar ve dogal
yasam ortaminda farkli yontemlerle calismalar yapilmistir. Calismalarda genel olarak
giyilebilir teknolojilerden yardim alinmistir, testlerde ise farkli duygu hissiyat1 tetik-
lenebilecek ortamlar olusturulmustur. Test ortamlar1 olusturulmasinda gorsel ve isitsel
bilesenler kullanilmistir. Literatiirdeki stres ve duygu tespiti ¢alismalar1 cogunlukla
yetigkin bireylerde yapilmistir, cocuklarla ilgili yayimnlanan bir veriseti bulunmamak-
tadir. WESAD (Wearable Stress and Affect Detection), DEAP gibi yetigkinlerin ver-
ilerinin bulundugu datasetler bulunmaktadir. Bu datasetlerde yetiskinlere bazi stres
duygusunu aktiflestirecek etkinlikler yaptirilip o anki verileri stresli olarak isaretlen-
mektedir. Bu stress etkinlikleri, toplu alanda sunum yapma mental aritmetik vb. etkin-
liklerdir. Genel olarak duygular tetiklemek i¢in video klip ve gorseller kullanilmak-
tadur.

Stres - duygu tespiti ¢caligmalart saglik, pazarlama, reklamcilik, insan makine-robot
etkilesimi gibi konularda siklikla kullanilmaktadir. Robotlarin insanlarla etkilesime
girmesi sebebiyle, sosyal davranis sergileyen robotlar i¢in duygu tespitini giderek daha
onemli hale getirmektedir. Otizm Spektrum Disorder (OSD) sendromuna sahip ¢ocuk-
larin duygu aktarim metabolizmasi tipik gelisim gosteren ¢ocuklara gore farklidir.
OSD’li bireyler 6zellikle ¢ocuklar, duygularini ifade etmekte zorlanirlar. Bazi gorsel
duygu algilama sistemleri yetigkinlerde yiiksek dogruluk oranlarinda calisirken bu sis-
temler otizmli cocuklarda beklenilen dogrulukta ¢alisgamazlar. Bunun sebebi otizmli
cocuklarin duygularini tipik gelisimli cocuklar gibi ifade edememesidir. Bu sebeple
gorsel sistemlerdense stres ve duygu durumlarinin otomatik olarak etkiledigi fizyolojik
bilesenlerin stres analizinde etkin rol oynadig1 belirtilmektedir. Cevre kosullara uyum
saglanmasi ve giinliikk yasamina devam edebilmesi amaciyla OSD’li bireylerle Robotlu
terapi seanslar gerceklestirilmektedir. Bu terapi sistemlerinin amaglart OSD’li ¢ocuk-
lar1 dogal yasam asamalarina alistirmak ve giinliik hayatta kendilerini daha iyi ifade
edebilmelerini saglamaktadir. Tasarlanan sosyal robotlarla birlikte insanlarla iletisim
gerceklestiren robotlarin, sosyal farkindalik géstermesi ve karsisindaki kisisin psikolo-
jik durumuna gore hareketlerini sekillendirebilmesi gerekmektedir. Bu amag¢ dogrul-
tusunda fizyolojik verilerden duygu tahimini 6nemli bir konuma sahiptir.
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“Otizmli ¢ocuklar icin bir miidahale araci olarak sosyal yardimci robotlarda duygusal
dongii (EMBOA)” isimli Erasmus projesi aragtirma projesi tez konularindan biridir.
Calismanin amact OSD’li cocuklarla rehabilitasyon siirecinde robotlar1 kullanarak
calismalar gerceklestirmektir. EMBOA projesi kapsaminda OSD’li cocuklarda yapilan
robotla terapi seanslari sirasinda, giyilebilir akilli saatler yardimiyla fizyolojik veriler
kayit altina alinmistir. Empatica E4 bilekligi kullanilmistir, bileklik yardimiyla bircok
fizyolojik veri kaydr alinmigtir. Siirekli degismekte olan ¢evre kosullarina uyum sagla-
mak i¢in hiicreler Otonom Sinir Sistemi tarafindan kontrol altinda olan biyolojik bazi
geri bildirimler kullanir. Otonom Sinir Sistemi viicut i¢indeki homeostaz1 (dengeyi)
korumak i¢in hiicrelerin tepkilerini diizenler. Bu fizyolojik veriler Elektrodermal Ak-
tivite (EDA), Kan Hacmi Nabzi (BVP), Deri Sicaklig1 (ST) gibi bilesenlerdir. EDA
deri yiizeyine temas eden 6zel sensorlerle dl¢iilmektedir stres sonucu ortaya ¢ikan ter
bezleri aktivitesi elektriksel iletkenligi arttirir ve ilgili bilesende bir degisim meydana
getirir. BVP, sensorii kizilotesi 1s1kla gecen kan hacmini dlgerek kalp atiglarini tespit
edilerek elde edilmektedir. BVP’den kalp atis hiz1 ve kalp atis hiz1 degiskenligini
(HRV) hesaplanabilmektedir. Empatica E4 bilekligi icerisinde tiim bu fizyolojik ver-
ileri kaydetmek icin ¢esitli sensorler icermektedir. Bu sensorlerin farkli 6rnekleme
frekansi bulunmaktadir. EDA ve ST 4 Hz, BVP 64 Hz o6rnekleme frekansina sahiptir.
Calisma uluslararasi bir kapsamdadir. 4 iilke katilim saglamistir. Bu iilkeler Polonya,
Makedonya, Ingiltere ve Tiirkiye’dir. Toplamda 65’ten fazla OSD’li cocuktan kayitlar
almmistir. Caligmalar belirli zaman aralifindan birden fazla oturumla gercekl estir-
ilmigtir. Sosyal robot olarak Kaspar kullanilmistir.

Kaspar 55 cm yiiksekliginde ve 45 cm genisliginde olan insansi bir robottur. Cogun-
lukla cocuklar olmak iizere insanlarla oturur pozisyonda etkilesime girmektedir.
Cevresini algilamak ve etkilesime ge¢mek icin gomiilii 2D kameralar, dokunmatik
sensorler ve mikrofonlar bulunmaktadir. Silikon yiize sahip olan robot, basit ifade
ozelliklerine sahip ve farkli duygu durumlarimi gosterebilmektedir. Otizmli ¢ocuk-
lar i¢in robot destekli terapi ve sosyal robotik caligmalar: icin kullanildi. Kaspar bir
sosyal araci olarak kullanilabilmekte ve ¢ocuklarin ¢evreleriyle daha iyi etkilesim ve
iletisim kurmasina, temel duygular1 kesfetmesine ve tanimasina, sosyal olarak kabul
edilebilir dokunsal etkilesimi 68renmesine ve taklit, isbirligi becerileri gibi temel
sosyal becerileri 6grenmesine yardimci olmaktadir. Boyut olarak da ¢ocuk boyutlarina
yakin oldugundan dolayr ¢ocuklar tarafindan kolaylikla oyun arkadasi olarak kabul
edilebilmektedir.

EMBOA projesi kapsaminda cocuklarla cesitli calismalar yiiriitiilmiistiir. 11k calis-
mamiz EMBOA projesi ile OSD’li ¢cocuklarla robotla terapi siiresince kayit altina ali-
nan verilerle yapilmistir. Yetigkin verilerinde duygu degisimleri kisilere farkli gorevler
verilerek etiketleme ve anketler 15181nda yapilmaktadir, bu durum OSD’li ¢ocuklarda
yapilamadig1 i¢in Erasmus projesiyle katilim saglayan okullarin topladigi verilerde
etiket bulunmamaktadir. Bu sebeple ilk asama olarak bu verilerle literatiirdeki aragtir-
malar sonucu elde edilen veriler ile degerlendirmeler yapilmistir. Sinyal analizleri ve
filtrelemeleri saglanmis ve ozellik ¢ikarimlari yapilmistir. Tiim verilerden toplamda
63 adet ozellik c¢ikarimi yapistir.  Yapilan calismalardaki stres belirten Ozellikler
arastirtlmis ve EDA’ya bagl olarak c¢ikartilan EDA peak sayisinin duygu durum degisi-
minde onemli belirteclerden oldugu tespit edilmistir. Bu bilgiler 1s181nda ¢ocuklarin
farkli robotlarla terapi seanslarindaki degisimleri incelenmistir. Ayrica farkli iilkel-
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erdeki farkli yas gruplarindaki ¢ocuklar i¢in fizyolojik verileriyle yas gruplarinin il-
igkisi incelenmigtir. ANOVA ve T-test istatistiksel analiz yontemi kullanarak analizler
yapilmistir. Gruplarin birbirinden ayirt edici olan 6zellikleri belirlenmistir. Ozellik
secim ¢alismasinda fizyolojik sinyallerden ¢ikarilan ozellikler (2 dakikalik boliimler)
kullanildi. Toplanan ham sinyaller, 6zellik ¢ikarma adimindan once filtrelendi ve nor-
mallestirildi. Her segment icin BVP i¢in 7680 x 1 ve EDA ve ST i¢in 480 x 1 vek-
torleri elde edildi. BVP verileri, 18 dB durdurma bandi zayiflamasina (Rs) ve 0,1 Hz
normallestirilmis durdurma band1 kenar frekansina (Wn) sahip altinc1 dereceden bir
Chebyshev II filtresi kullanilarak 6nceden islendi. Ayrica filtrelenen BVP sinyali 0-100
arasinda normallestirildi. EDA sinyalini filtrelemek icin ¢cerceve uzunlugu degeri 11
olan besinci dereceden Savitzky-Golay filtresi kullanildi. BVP’ye benzer sekilde EDA
sinyali de 0-100 arasinda normallestirildi. Filtrelenen ve normalize edilen sinyal,
fazik (cilt iletkenlik tepkisi (SCR)) ve tonik bilesenlere (cilt iletkenlik diizeyi (SCL))
ayrigtirlldi. ST sinyalinde herhangi bir giiriiltii veya aykir1 deger gdzlemlenmedigin-
den, ozellik ¢ikarma iglemi i¢in dogrudan ham ST sinyali kullanildi.

Ikinci calismada ise, tipik gelisimli ilkokul 6grencileriyle Stroop test kullanilarak setup
olusturulmustur. Stroop test, zihinsel aktiflik ve dikkat yetenegini 6l¢en bir psikolo-
jik testtir. Stroop test ¢cogu makalede kullanilan bir fizyolojik duygu uyarimi olan
bir oyundur. Katilimcilara kisa siirede renk ve yazilar arasinda celiski olan oyunu
bitirmeleri gorev olarak verilmigtir. Katilimciya ekranda farkli renklerde renk isimleri
belirtilerek dogru renklerin sdylenmesi istenir. Renk ve yazilar farkli oldugu icin zi-
hinde catismaya sebep olmaktadir. Katilimeilar ilkokul 6grencileri oldugu icin Stroop
test uygulanabilmistir. Her katilimci i¢in ayni siire siirecek olan Stroop test oyunu
olusturulmustur, bu setup sayesinde veriler etiketlenmistir. Elde edilen veriler band-
pass filtreleme yapilip EDA peakleri hesaplanmistir. Sonrasinda ise elde edilen fizy-
olojik verilerden yaklagsik 61 adet 6zellik ¢ikartilmistir. Bu 6zelliklerden bazilarinin
iligkileri konvoliisyon matrisleri ile incelenmistir. MrMR 6zellik se¢im algoritmasi
kullanilarak 6zellik sayis1 10’a diisiiriilmiistiir. Boylelikle birbiriyle iligkili olan 6zel-
lik boyutlar1 elimine edilmistir. Stniflandirma yontemleri arastirilmis ve literatiirde en
cok kullanilan siniflandirma yontemleriyle ¢calismalar yapilmistir calismada XGBoost
ve LSTM kullanilmistir.  XGBoost simmiflandirma algoritmasi kullanilmig ve analiz
edilmistir Stmiflandirma metrikleri MrMR feature selection sonrasi secilen 10 6zellik
ile yapilmistir. Test dogrulugunun %88 oldugu gozlemlenmistir. Siniflandirma yapilan
ozellik sayis1 61 oldugunda ise stest dogrulugu %96 olarak goriilmiistiir. Egitim sonu-
cunda SHAP (SHapley Additive ExPlanations) algoritmasi kullanarak egitim yapilan
modelin analizi yapilmistir. SHAP sayesinde model iizerinde hangi 6zelliklerin model
tizerinde daha etkili oldugu gorsellestirilmigtir. Bu gorseller tizerinden analiz ve sonug
cikarimi yapilmistir. Model iizerinde en etkin olan degerin EDA_max_min oldugu
gozlemlenmigtir. Son olarak LSTM algoritmasi kullanilarak model egitimi yapilmis
ve c¢iktilar1 paylasilmisti. LSTM ile Stroop test kayitlarindan elde edilen 6zellik
cikartma yapilmamis zaman serisi verileri iizerinden islem yapilmistir. Olusturulan
modelin binary-class siniflandirma sonuglarinin multi-class siniflandirmaya gore daha
1yi oldugu gozlemlenmistir. Multi-class siniflandirmaya gore baseline durumunun ayirt
ediciligi diger siniflara gore daha diistiktiir. WESAD datasi kullanilarak LSTM egitimi
yapilip cocuk katilimcilardan aldi§imiz verilerle transfer learning yapilmistir, fakat
kayda deger bir sonu¢ alinamamaistir.
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Ozet olarak, ilgili tezde ¢ocuklarla stres tespiti amaciyla farkli yaklasimlar gercek-
lestirilmistir.  Ama¢ OSD’li cocuklarda yapilan terapilerde fizyolojik verilerden
hareketle duygu tahmini yapip robotun c¢evreye olan duyarliligini daha arttirmaktadir.
Calismadaki kisitlamalar, otizmli ¢ocuklarla yetigkinlerle yapilan stres gorevlerinin
gerceklestirilememesi ve test sirasinda takilan giyilebilir teknoloji aletlerini takmak
istememeleri, test sirasinda ¢ikarmaya caligmalart ve benzeri durumlardir. Gelecek
calismalarda elde edilen veriseti boyutu biiyiitiiliip ikili sinyaller ile egitimler yapilip
karsilastirmalar yapilabilir. Deep learning algoritmalariyla genisletilmis veri setleriyle
ek calismalar yapilmasi dogruluk orani arttirilabilir.
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1. INTRODUCTION

In order to survive, people must adapt to changes in the environment. The system that
ensures this balance is called homeostasis. Homeostasis regulates parameters such as
oxygen supply, body temperature, and heart rate to keep people alive [1]. Hormones
regulate the Autonomic Nervous Systems (ANS) that maintain balance in our body and
enable us to adapt to the environment. Some physiological hormones and data respond
to stress encountered in daily life. The human body is protected by physiological
mediators including cortisol, adrenaline, and noradrenaline, as well as modifications
in immunological and metabolic characteristics, provided that these processes occur in

balance [2].

Several factors affect physiological and mental health, the most indirect of which is
stress. Long-term stress in people causes multiple physiological and psychological
problems [3]. Stress is the major reason for many diseases that affect both physio-
logical and mental health issues. People’s long-term stress is associated with various
physiologic and psychological complications. Stress is an inevitable component of
contemporary living, and long-term stress can negatively affect physical and psycho-
logical health. Emotional recognition skills help understand individuals’ emotional
states. It helps to manage difficult circumstances better and achieve emotional regula-

tion.

The neurodevelopmental disorder known as Autism Spectrum Disorder (ASD) is char-
acterized by restricted and recurring activities as well as difficulties with social com-
munication and engagement [4]. It is a comprehensive disorder with a broad range
of symptoms, including limited interests repetitive behaviors, and delays or deficits in
language development, social interaction, and communication. People who have ASD
frequently struggle to recognize and communicate their feelings as well as manage

and control their emotional reactions [5,6]. Since individuals with ASD have difficulty



representing their emotions, emotion and stress recognition applications are useful for

therapy sessions.

Emotion recognition-interpretation through physiological signals has emerged as an
important research field that has attracted significant attention in various interdisci-

plinary fields such as psychology, healthcare, and human-robot interaction.

Various studies are being carried out in this field from different perspectives. discussed
the use of wireless sensors for emotion recognition from physiological signals and em-
phasized the importance of existing technologies in this context [7]. Presented a com-
prehensive review of emotion recognition using physiological signals and highlighted
the widespread use of Support Vector Machines (SVM) in this field [8]. Focused on
emotion recognition based on physiological changes during music listening and shed
light on the limitations associated with using physiological signals for emotion recog-
nition [9]. Collectively, these references underscore the importance of physiological

signals and the challenges associated with using them in emotion recognition.

Song et al., 2019 also highlighted the performance of Long Short-Term Memory
(LSTM) in emotion recognition using physiological signals, while acknowledging the
limitations of certain sequences in contributing to effective classification models [10].
Emphasized the reliability of physiological signals for emotion recognition because
they cannot be deliberately controlled by the subject, thus underlining the robustness of
physiological data in inferring emotions [11]. Additionally, Wei et al., 2018 proposed
a decision-level weight fusion strategy for emotion recognition using multi-channel
physiological signals, demonstrating the potential of advanced signal processing tech-

niques in this field [12].

The application of physiological signals for emotion recognition extends to various
fields, as evidenced by the discussion of the use of Al cloud and edge sensors for
the recognition of affective, emotional, and physiological states in various applica-
tions [13]. Emphasized the use of machine learning algorithms such as Fisher linear
discriminant and support vector machines for emotion recognition using physiological
signals [14]. These references demonstrate various applications and methodologies

using physiological signals for emotion recognition.



As a result, the use of physiological signals for emotion recognition has gained much
attention, focusing on overcoming challenges, leveraging advanced signal processing
techniques, and exploring various applications across fields. The robustness and reli-
ability of physiological signals make them valuable for inferring emotions, paving the
way for advances in emotional computing, healthcare, and human-computer interac-

tion.

1.1 Purpose of Thesis

This study focuses on the detailed categorization of different physiological conditions
and a thorough analysis of the relationships between children with ASD and social
robots within the context of the EMBOA project. Additionally, the study examines
the emotional awareness of typically developing children. The overall objective of
this multifaceted study is to explore various dimensions of engagement between these
children and social robots, particularly during therapeutic sessions aimed at promoting

the children’s development and well-being.

The study aims to identify the complex range of emotional reactions demonstrated by
the children during their multiple interactions with adults. These emotional signals
and trends have the potential to significantly enhance the effectiveness and scope of

specialized therapeutic interventions developed for children with autism.

The following research questions inspired us to conduct this thesis.

1. Is there a connection between stress and physiological data?
2. Which physiological characteristics are more determining in emotion analysis?
3. Are there any significant differences between ages in emotion analysis?

4. Do children experience emotional and physiological differences in child-robot in-

teraction?
5. Which classification methods could be used in this type of classification problem?

6. What kind of setup is required for the stress identification system?



1.2 Thesis Overview

We organize the thesis as follows:
* Chapter 1 provides an overview of the research objectives, methodology, and key
hypotheses.

» Chapter 2 analyzes existing scholarly work, identifying gaps and laying the foun-

dation for the current research.

* Chapter 3 details the approach, tools, and techniques employed in data collection

and analysis and presents the findings derived from the conducted research.

* Chapter 4 summarizes the key findings, significance, limitations, and potential fu-

ture research avenues.



2. LITERATURE REVIEW

A literature review was conducted in the fields of emotion recognition and ASD to
give an idea of the general framework in stress detection. The research conducted is

grouped under two headings as follows.

2.1 Emotion Recognition

Memar et al., 2021 investigate the relationship between human stress levels and Electro
Dermal Activity (EDA) [15]. The EDA is also called Galvanic Skin Response. The
main aim of the paper is stress level classification using physiological sensors. They
utilized a driver dataset collected during real-world driving, available on PHY SIONET.
The age interval of drivers is not mentioned. Their data set signals are taken from hand
and foot EDA sensors. To classify stress, they used certain metrics, including rise
time and amplitude. They verified that foot signals are more reliable. Their stress

recognition accuracy is 95.83% by using ANOVA.

Shukla et al., 2019 they try to classify people’s emotions [16]. They make a wide com-
parison of literature works and implement various methods. They compared the EDA
signal with three different feature selection methodologies. These methods are Joint
Mutual Information (JMI), Conditional Mutual Information Maximization (CMIM),
Double Input Symmetrical Relevance (DISR), and machine learning techniques. They
searched 25 studies. They implemented these methods in the AMIGOS dataset. This
dataset has 40 participants, and the data is collected while they are watching different
types of movies (happy, sad, etc.). They used Mel-Frequency Cepstral Coefficients
(MFCC) for analysis. They try to identify the most significant feature to find valence
and arousal data. Three feature selection methods verified that an avg. of 95 features
are used for arousal recognition and an average of 96 features for valence recognition.
Results have an average accuracy of 85.75% for arousal and an average of 83.9%

percent for valence identification. The study also examined the findings from 25 re-



search papers on the same topic, providing a comprehensive overview of the existing

literature.

The aim of the work [17] is to identify children’s engagement with an adult during
social interaction. The dataset consisted of 51 child-adult data. The adult participant
rated the children with the aspect of engagement. Support Vector Machines (SVM)
were used to assess the level of engagement of the children. Children between the ages
of 15 and 30 months were tested in the paper. The average age of the children was 21
months. To eliminate motion artifacts, they used the Hanning filter. The window of
the filter is 1 second was chosen. They also make normalization and decomposition.
They extract these features: mean, standard deviation, area under the curve, relative
positions of maximum and minimum values, slope, and peaks. They used a 10-fold
cross-validation protocol with SEM. They found that a combination of features from
electrodermal activity (EDA) and features capturing the physiological synchrony be-
tween the child and the adult resulted in the highest classification accuracy. According
to the paper, the Hanning filter can be used to have better signal quality for EDA

signals.

Zangroniz et al., 2017 created a new monitoring device to record physiological sig-
nals. The paper also has a schematic of their electrical system to create a smart band.
Also, another aim is to classify calm and stress conditions using EDA (Electro Dermal
Activity). There are 50 participants involved in the test. They used the International
Affective Picture System to control the experiment. They preprocessed the signal using
a 1.5 Hz cut-off low-pass FIR filter with order N = 32. They extracted temporal, mor-
phological, and frequency features. For statistical analysis they used ANOVA. They
report around 89% accuracy to identify distress and calm conditions. They verified

that there is a correlation between EDA and calm condition [18].

Lutin et al., 2021 collected different feature extraction methods these are:
trough-to-peak features, decomposition-based features, frequency features, and
time-frequency features to verify stress conditions. They used Ledalab, cvxEDA, and
sparsEDA applications to extract these features. Their dataset has 20 people who

performed 3 different stress tasks. Support Vector Machine (SVM) classifier with



Leave-One-Subject-Out Cross Validation is used. They used the number of responses
(from Ledalab). The classifier accuracy is 88.52%, sensitivity 72.50%, and specificity
93.65%. The metrics showed that EDA can be used as stress detection, also they used
Ledalab, cvxEDA, and sparsEDA in their applications [19].

Zantone et. al, 2019 analyzes the stress in a driver during unexpected events or taxing
situations. They used both ECG and EDA signals. They used the Supervised Machine
Learning technique. They make their test in professional simulations that have wide
screens and cockpits. The test scene also has different environments like highways and
unexpected objects and situations. Their dataset has 16 participants with the age of
22-47. The study has a balanced accuracy in stress detection of 77.59%. In the work,

their test simulation seems successful in feeling different emotions [20].

The aim of the study [21] is to demonstrate a method for detecting stress levels. Liu
et al. 2017 aim to use a single physiological signal to detect to make it more practical.
They used linear discriminant analysis (LDA) to separate stress levels as low, medium,
and high. MIT Media lab ’stress database’ is used. 11-foot data are chosen for the
experiment. Five-minute data segments were used to extract EDA characteristics while
driving in three different conditions: in the city, on the open road, and at rest. To
categorize stress levels, they used linear discriminant analysis and Fisher projection.
To categorize stress levels, they use linear discriminant analysis and Fisher projection.

The accuracy is 81.82% measured.

The main purpose of the project [22] is to detect stress in real life. The main difference
is that all tests in this work are conducted in real-world scenarios rather than in a
laboratory environment. Can et al., 2019 organized a 9-day algorithmic programming
contest event. The event has different sections. Data was collected from 21 partici-
pants. They used Empatica E4 and Samsung S devices to collect physical data. They
used Hart Rate (HR), skin conductance(EDA, SC), and accelerometer signals. They
used the EDA Explorer tool to eliminate noise from the signal. They eliminate the
data if the EDA explorer labels the batch as noisy. They eliminate the artificial peaks
brought on by elevated body temperature or physical exertion. (using accelerometer

data). They used the cvxEda tool to extract features. They extracted the mean, standard



deviation, peak, strong peak, 20th percentile, 80th percentile, and quartile deviation of
the EDA. They obtained 90.40% accuracy by using Empatica E4 devices, whereas the
accuracy with Samsung S devices was 84.67%. The paper has well-prepared literature

research on it. Also EDA Explorer tool is easy to use.

Can et al., 2020 mentioned that high stress affects life quality and health. They aim
to create a stress level detection system. They try to improve the performance of
daily stress detection. They compare the daily life, hybrid, and laboratory-daily life
models. In the laboratory data collection side, they have a controlled environment,
they apply Trier Social Test (TSST) to participants during test tasks. 14 participants
were involved in the test. The steps in their testing are as follows: baseline pre-stress
measurements; stress-inducing TSST (Trier Social Stress Test); and post-stress recov-
ery measurements (recovery). Participants complete the 14-question Perceived Stress
Scale (PSS) in the pre-stress measurements section while at rest. During the test, they
are told to prepare a speech explaining why they study and why they would be a good
fit for their dream job. This speech will be recorded and reviewed by the research

psychologists. You have five minutes to prepare, and your time starts now.

After time passes interviewers ask the participant to continue in English. Then give
them to number subtraction task. They also make tests in out-of-lab environments.
While making daily life tests, participants were responsible for filling out the PSS-5
questionnaire. In the feature selection part, they extracted these features Mean value,
Standard deviation, Number of peaks, Number of strong peaks, twenty-eighth per-
centile, eightieth percentile, and quarterile deviation using cvxEda tools. They used 5
ml algorithms to classify these as multi-layer perceptron (MLP), random forest (RF),
k-nearest neighbor (kNN), support vector machine (SVM), and logistic regression
(LR). They obtained a maximum of 94.4% accuracy with HR, 86.70% with EDA,
and 92.30% with the combination of HRV and EDA [23].

Kyamakya et al., 2021 aim is to list all the methods and sensors used in stress detection.
They made a literature review in this field and categorized it. They categorized these
papers as Stress level recognition, Wearable body sensors, Dermatological sensors,

and Facial expression recognition. They mentioned the AffectiveROAD dataset and



Empatica E4 device. Also, stress detection can be done with EEG, ECG, and EDA
sensors and different ML methods are used in literature such as RF, CNN, kNN, and

SVM. The paper has a wide literature review in this area [24].

The project aims to explore the effect of emotions evoked by music on HRV (Heart
Rate Variability). Thirteen pianists participated in the test. Nakahara et al., 2009
perform expressive and nonexpressive performances during tests. The pianists are 10
females and 3 males 22-32 years of age. They firstly play expressive music, then play
music without emotions, thirdly listen to their expressive performance with emotions,
and finally listen to their nonexpressive-performance music. The dating process was
statistically tested using two-way ANOVA. They verified that expressive performance
has a higher HR than the other tasks, and nonexpressive has the lowest HR. In our work
with children, it is quite hard to express some emotion. In the work they demonstrate

that there is a relation between emotion status and music [25].

Tonacci et al., 2020 performed a relaxation test environment based on a short audio and
video, and analyzed signals related to the autonomic nervous system (ANS) activity.
They used electrocardiogram (ECG) and galvanic skin response (GSR). 24 volunteers
participated in the test. Test setup is made in two ways, the first group testing schedule
performs an audio-video + video-only relaxation, and the second group performs an
audio-video + audio-only protocol. They state that the first group significantly differs
in the HRV-related SDNN parameter. They used a neural network and have an accuracy

of 79.2% [26].

In the research, Castro et al. 2022 list a low-cost wearable. These are OpenBCI and
three other open-hardware custom-made designs that communicate via Bluetooth ap-
plications for data synchronization and storage. They did all of the tests in the labora-
tory but did not mention the count of participants. They access electroencephalography
(EEG), electrocardiography (ECG), breathing rate (BR), electrodermal activity (EDA),
and skin temperature (ST). They used a low-pass filter for EDA, ST, and BR, and they
used a cutoff frequency of 5 Hz, based on a Gaussian window length of 50 imple-

mented in Ledalab. They created a test that had a stress task session after that test



period. Stress task has arithmetic operations. They have a label for their data. At the

and they have a low-cost wearable watch [27].

Chen et al., 2021 assume that there is an acceptable correlation between stress and pain.
They are trying to create a system to detect pain and stress to wearable. They listed
different signals heart activity, brain activity, muscle activity, electrodermal activity,
respiratory, blood volume pulse, and skin temperature. They list all of the stress tests.
These are the Stroop Color-Word Inference Test, Trier Social Stress Test, Cold Pressor
Test/Hot Water Immersion Test, and International Affective Picture System Test. Also,
the signals that have the emotion information are listed. Sensors options are listed. The

paper has wide research that has different alternatives [28].

Van Lier et al., 2019 created a protocol to choose valid data for electrodermal activity
and cardiovascular activity signals. They used E4 Empatica wearable. They defined
the steps to determine the cross-correlation for EDA data is: 1. Down and up sample
the data to the same frequency., 2. Normalize and detrend the data, 3. Determine
cross-correlation at multiple time lags, Find the highest cross-correlation with the cor-
responding time lag and plot these in a histogram. Also in the paper they have some
metrics in a normal state like the Number of SCRs are 1-3 per minute, and high arousal
state of 20-25 per minute. Normal SCR amplitude etc. They proposed their validity

protocol in the paper. The paper only has the protocol to choose valid data [29].

Kyriakou et al., 2019 thought that there is limited work in the real world. Environ-
mental impact is considered in the work. They aim to detect stressful moments. They
propose a rule-based method to detect stress. They validate their algorithm in the real
world. 11 women and 8 men participate in the test as a volunteer. Their rule-based al-
gorithm has these rules, GSR (Galvanic Skin Response) increase, ST Decrease, Rising
Time, Response Slope, Duration has high importance. They evaluate their data with
these metrics and have 84% accuracy. Their rule-based system can be improved with
temperature sensor output. When the temperature data is not acceptable, it is better to

eliminate the data [30].

Kleckner et al., 2017 created an assessment procedure to classify EDA signals. Their

methods 20 participants with autism there are 5 females in 5-13 years. 181 hours of
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EDA data were collected in their home using Affectiva Q Sensor during 8 weeks. Their
aim to classify invalid data. These four rules are as follows: Is the EDA out of range?
Does it alter swiftly? Does temperature contain reliable information? Their process
confirmed that 21% of the data is erroneous. Additionally, they expertly validate the
outcomes. Compare the output produced by the algorithm with the EDA signal expert.
The sensitivity of outputs is 91%. Their rules to validate signals are so easy to imple-
ment and have high accuracy. These rules can be used in the project by adding some

new rules [31].

In the work [32], Chen et al., 2015 propose a method to remove artifacts from EDA
signals. They use Stationary Wavelet transform (SWT). They modeled the wavelet
coefficients as a Gaussian mixture distribution. They compare their methods with three
other methods and find out their methods better. The difference between the paper and

others they use SWT in the frequency domain.

This is a review paper and has 164 references. Schmidt et al., 2018 summarise psycho-
logical models, emotion models, emotion test types, wearable assessments, and wear-
ables. They also demonstrate data processing chain, and review, feature extraction,
and classification. They also listed the most used datasets these are Eight-Emotion,
Deap, MAHNOB-HCI, StudentLife, DECAF, etc. This paper has a huge reference and

literature view [33].

Redd et al., 2020 aim is to continuously monitor emotion prediction for school-age
children. Their models correctly classify the behavioral state of a child with 68%
mean accuracy and up to 85%. They used the Empatica E4 device. 5 children aged
between 8 and 12 were involved in the study. During the tests, professionals label
the status as happy or not. After the test Logistic Regression (LR), Support Vector
Machine (SVM), and Decision Trees (DT) are used. They stated that a person-based

model is more successful [34].

The purpose of the study is to compare the analysis of four physiological signals. These
signals are EDA, Heart Rate (HR), Skin Temperature (SKT), and Blood Volume Pulse
(BVP). Oleander et al., 2016 used Empatica E4. 21 people participated in the test aged

17 to 25. They have mental arithmetic sessions to stress makers. They used RF, kNN,
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and Ada boost Gradient boost. To filter noise they used a Savitzky-Golay filter for SKT
and EDA signal. The filter smooths the signal. For HR and BVP, they used a median
filter. They extracted median, mode, standard deviation, minimum, maximum, and first
derivative of the signals. They calculated the Spearman Rank Correlation factor. They
compare these signals with classification methods. The highest accuracy is 99.92%

while using 4 signals. EDA and HR also have high accuracy like 99.09% [35].

Conducted experiments to verify a proposed emotion recognition method using a con-
structed video library, demonstrating the practical application of the method for emo-
tion recognition validation analysis [36]. This study provides empirical evidence of
the effectiveness of the proposed emotion recognition approach. Chun-Yan and Wang
utilized the Bagging-CHAID model for emotion recognition validation analysis based
on the correlation study between chaos features of physiological signals and emotions
using the information gain method [37]. This approach highlights the utilization of

advanced modeling techniques for verifying emotions from physiological signals.

Furthermore, emphasizes the reliability of physiological signals for emotion recogni-
tion, highlighting their robustness as a form of signals for inferring emotions [11]. This
underscores the fundamental role of physiological signals in verifying emotions due to

their inherent reliability.

In conclusion, the verification of emotions using physiological signals involves a di-
verse array of methods, including machine learning algorithms, data fusion, and ad-
vanced signal processing techniques. These approaches contribute to the development

of robust and reliable emotion recognition systems based on physiological data.

2.2 Autism Spectrum Disorder

ASD refers to a complex neuro-developmental condition that consists of deficits and
inabilities in social engagement with other individuals and repetitive behaviors. ASD is
a complex disease involving multifactorial causes, subtypes, and varying developmen-
tal courses. People with autism spectrum disorder have problems interacting and com-
municating, have narrow ranges with little diversity in interests, and show stereotypical

and repetitive behaviors [38,39]. It is associated with dysfunctions in core behavioral
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dimensions such as compulsions, social awkwardness, and verbal abnormalities. There
have been studies showing that neurobiology could be used as an appropriate suscepti-
bility or risk biomarker for ASD. Studies have shown that the incidence or occurrence
of ASD is increasing, and their range from 0.07 % - to 2.64 %). Moreover, people
diagnosed with ASD can suffer from several other psychopathologies, like depression,
ADHD, or OCD. Dependable and valid measurement instruments are necessary here

too.

ASD can cause a variety of challenges, including limited interests and repetitive behav-
ior, as well as difficulties with social interaction, language development, and communi-
cation [39]. Moreover, children diagnosed with autism spectrum disorder (ASD) may
experience challenges with self-harm, physical exercise, and eating habits selectivity.
In addition, they might experience hindrances while mastering a second language and
show problems in explicit and implicit social cognitive tests [40,41]. In addition, eat-
ing disorders and difficulty swallowing may be experienced by some children with
AS D, and there are reports that these children have problems using electronics as
well [42,43]. This does not change in hospital settings as members of society become

more conscious of children with autism spectrum disorder.

Finally, autism spectrum disorder is complex with many facets as well as numerous
problems. Understanding the complex nature of autism spectrum disorder will make it
possible to offer proper assistance and interventions that can be useful to the members

of society who are living with the condition.
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3. STRESS RECOGNITION SYSTEM

In order to verify emotions like stress and happiness using physiological signals, var-
ious methods and techniques have been explored in the literature. These methods en-
compass a wide range of approaches, including the use of machine learning algorithms,
physiological signal processing, and data fusion. The referenced studiesprovide in-
sights into the diverse methodologies for verifying emotions through physiological sig-
nals: presented a comprehensive review of physiological signal-based emotion recog-
nition, covering emotion models, elicitation methods, datasets, features, classifiers,

and the overall framework for emotion recognition based on physiological signals [8].

In Chapter 2, we provided an overview of the existing literature, methodologies em-
ployed, and datasets used. A notable absence in the literature exists regarding the
recognition of emotions and stress levels in both individuals with Autism Spectrum
Disorder (ASD) and children generally. Our study seeks to address this gap by provid-

ing additional insights. Our work focused on three key areas:

1. Studies under the Emboa Project: As part of the Emboa project, physiological
data from children with ASD during robot interactions were collected and analyzed
across various countries. Signal processing methods were applied to analyze the
data. However, due to limitations in conducting stressful tasks comparable to those
used in adult studies, statistical analysis was conducted based on findings from

comprehensive literature reviews.

2. Stress Analysis using the Stroop Test: We employed the Stroop test to recognize
emotions in typical primary school students. This test involved three stages, and the

resulting data were categorized according to their specific objectives.
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3.1 Data Collection Using Empatica E4

Empatica E4 [44] physiological wristband was used in all studies within the scope of
the thesis. The E4 is equipped with sensors that record specific physiological data. It is
a wearable device and allows users to continuously monitor their physiological data. It
can measure many biometric data such as heart rate (BVP - 64 Hz), skin conductance
(EDA - 4 Hz), body temperature (ST - 4 Hz), and movement (ACC - 32 Hz) as seen in
Figure 3.1 and Table 3.1. This data helps researchers monitor stress levels, emotional
states, or physical activities. Used in healthcare and academic research, such devices

are becoming important tools for understanding and monitoring biological responses.

EDA Sensor

Infrared

PPG Sensor R

Internal Real-
Time Clock

3 Axis
Accelerometer

Event Mark
Button

Figure 3.1 : Empatica E4 features.

The wristband can collect multiple sensor data and display data in real-time with the
help of Bluetooth as seen in Figure 3.2. As a result of the test, the data can be backed
up and processed with Empatica Cloud. Although more than one sensor data was
obtained from the wristband, EDA and BVP data were used because it is more decisive

in defining stress within the scope of the literature.
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Table 3.1 : Empatica E4 sensors: sampling frequencies.

Physiological Signal Sampling Frequency

EDA 4 Hz
BVP 64 Hz
ACC 32 Hz
ST 4 Hz
Empatica -
| A—. Cloud | A—
Desktop Dashboard

Platform

Figure 3.2 : Empatica E4 data recording.

3.2 Feature Extraction

Specifically, we analyzed the Blood Volume Pulse (BVP), Skin Temperature (ST), and
Skin Conductance (SC) signals obtained from the Empatica wristband. To address
differences in sampling frequencies among the signals, we utilized techniques such
as filtering, normalization, and decomposition to extract meaningful features. Firstly,
the raw BVP signals were subjected to a sixth-order Chebyshev II filter with an atten-
uation coefficient of 18 dB and a normalized stopband edge frequency of 0.1 Hz to
remove noise and artifacts. Subsequently, the signals were normalized between 0-100
to facilitate further analysis. Similarly, the BVP and EDA signals pass a fifth-order
Savitzky-Golay filter with a frame length of 11 to remove noise and enhance their
spectral characteristics. Following normalization between 0-100, these signals were

decomposed into phasic and tonic components using a linear regression model.

Regarding the ST signal, which is less susceptible to noise compared to other phys-
1ological signals, no preprocessing steps were deemed necessary due to its excellent
quality. Consequently, the raw ST signal was used directly for feature extraction with-
out any modifications. Notably, a total of 80 features were derived from the raw data,
including both statistical and mathematical features obtained through various methods

applied to each physiological signal separately or jointly. These findings contribute
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significantly to the development of more accurate machine-learning models for emo-

tion recognition systems based on wearable sensor technology.

According to the information provided, a total of 80 features were derived from the
original data. These features were obtained by analyzing the mentioned signals. The

extracted features are presented in Table 3.2.

Table 3.2 : Selected elements and their abbreviations.

Abbreviations Description

Signal_mean Mean of the signal

Signal_med Median of the signal
Signal_std Standard deviation of the signal
Signal_min Minimum of the signal
Signal_max Maximum of the signal
Signal_skew Skewness of the signal
Signal_kurt Kurtosis of the signal
Signal_q05 0.05 Quantile of the signal
Signal_q25 0.25 Quantile of the signal
Signal_q75 0.75 Quantile of the signal
Signal_q95 0.95 Quantile of the signal
Signal_var Variance of the signal

Signal _ran Range of the signal
Signal_max_min Signal,. / Signalyi,
Signal_iqr Inter-quartile-range of the signal

Signal_coeffvar  Coefficient of variation of signal
“Signal" represents BVP, SCR or SCL for EDA, and ST

3.3 Emboa Project

3.3.1 Data collection & test setup

The goal of this research is to develop a novel strategy for establishing an affective
loop in robot-based therapy for children with ASD to enhance the intervention’s impact
on the development of emotional intelligence. A series of interaction scenarios were
implemented using the Kaspar robot to investigate the technologies and techniques that
are currently available and fulfilling this purpose, the setup as seen in Figure 3.3 and

Figure 3.4.

Every interaction scenario was built around the concepts of imitating others and

switching roles. These required linguistic abilities on emotions, animals, and bodily
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Figure 3.3 : Experimental setup for the child-robot interaction sessions.

parts in addition to a basic understanding of English. Throughout the session, Kaspar
guided the kids with positive, neutral, or negative feedback using simple phrases and a
few behavioral signals. The children’s profiles informed the therapist’s determination

of the interaction flow and its adaptation.

Multi-modal interaction data was collected during the interaction experiments to assess
and examine the suggested intervention plan. The E4 wristband recorded physiological
signals; the Gazepoint Eye Tracker recorded eye gaze motions, duration, and fixation
data; the H4n Pro sound system recorded audio; the two video cameras recorded video,
one above the head of the robot to record children’s reactions and the other on the
robot’s right side to record the entire interaction session; the children’s demographic

profile and diagnostic history made up the remaining data.

The interaction studies were carried out by four collaborating countries: North Mace-
donia (MAAP), Poland (GUT), the United Kingdom (UH), and Turkey. Table 3.3
shows the 29 children (25M, 4F) with an ASD diagnosis who were part of the study.
The children varied in age from 2 to 12 years old, with moderate to high levels of verbal
abilities and linguistic awareness. Each child took part in the interaction research at

least once, and it was repeated in two to eleven sessions based on the therapist’s assess-
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Figure 3.4 : Setup overview.

ment. The ethics commission authorized the interaction research projects at Gdansk
University of Technology (Poland). In addition, the children’s family members gave

written consent and were informed about the study methodology.

Table 3.3 : Group features.

Group Number Count (Gender) Age Range

Group 1 (G1) 10 OM,1F) 2-5
Group 2 (G2) 14 (12M,2F) 6-8
Group 3 (G3) 8 (TM,1F) 9-12

3.3.2 Signal analysis

This phase of the study involves a stress detection method based on signal analysis
in children with autism. The aim is to develop an approach using social and assistive
robots during therapy sessions for children with autism. Data were collected from
children of various ages and nationalities as part of the EMBOA project. During inter-
actions with a robot in a game scenario, the E4 smart bracelet recorded and analyzed

Electrodermal Activity (EDA) and Blood Volume Pulse (BVP) values.

As the collected data lacked labels, analysis was conducted based on existing litera-
ture. The EDA signal’s number of peaks and amplitude values were processed using

average lower limit values from previous studies to determine stress levels in children.
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Additionally, Low Frequency (LF) and High Frequency (HF) values from the BVP
signal were meticulously examined. A comparison was drawn between these values

and stress indicators.

Physiological data of children with autism, such as BVP, ST and EDA, were collected
with the help of the E4 wristband during therapy sessions with Kaspar. The BVP
signal was sampled at 64 Hz, while the EDA and ST signals were sampled at 4 Hz.
This was due to the sampling frequency of the bracelet. The E4 bracelet had to be worn
tightly on the child’s wrist without obstructing blood circulation, so some children felt

uncomfortable.

After data collection, data processing started after all data was backed up to Empatica
Cloud. BVP features were extracted using the HeartPy Python Heart Rate Analysis
Toolset. The most important BVP components extracted are SDNN, PNN50, RMSSD,
HR, and frequency domain features, which are LF and HF. The usability of the features
was verified using the value ranges in the literature [45]-[50]. The literature’s ranges

were used to rate the signal qualities.

The peak count and average amplitude of the EDA signal, along with the LF and HF
values of the usable BVP signal were used to identify stress in children. A prior pub-
lication in [50] included the reference LF and HF values for kids with ASD. Research
has shown that under stressed conditions, LF power rose while HF power fell. Con-
sequently, the baseline for stress detection has been the previously published mean
values for HF (M = 3127ms?) and LF (M = 2243 ms?). Stressed-out children were
those whose computed LF value was higher and whose HF value was lower than the
reference. Stressed-out children were those whose computed characteristic was higher

than the reference.

Average peak counts, or "SCRs," and amplitude values were employed for the EDA
signal’s recognition of stress. The baseline metrics that are provided in from [51]
and [52] have been used while detecting stress with EDA. Prior research revealed that
the range of EDA signal is from 0 to 20 uS [53]. The average number of SCRs per
minute is 1-3. In case of high arousal, it is 20-25 [52]. Additionally, the resting mean
amplitude is 0.66+0.13 uS for ASD [51]. MIT EDA explorer tool [54] and cvxEDA
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library were used to extract peak counts, amplitudes, Area Under the Curve (AUC),
skin conductance response (SCR) width, decay time, rise time, phasic component, and
tonic component features from EDA. Threshold 0.02, offset 1, Rise time 4, Decay
Time 4, these constants are used to extract the peak values from the signal. While
detecting peaks, default constants in the library were used [55]. SCR amplitude should
be higher than the threshold (0.02) to be counted as a peak with this threshold, we aim
to eliminate small changes. Rise time also called onset-to-peak time varies between

0.5 and 5s [56].

3.3.3 Statistical analysis

There are cases of using statistical methods in studies to investigate differences be-
tween groups for stress detection analysis. One-way ANOVA was used in the study
conducted by Shakiba et al. The purpose of ANOVA is to analyze whether there is
a relationship between the levels of stress experienced by individuals within families
or communities and physical responses to stress. This evaluation shows whether the
data collected for both groups are related to each other [57]. Acute stress was found
to impair the health of memory through the ANOVA study conducted by Merz and
colleagues (2020), demonstrating that stress is associated with cognitive effects and

the utility of ANOVA in exploring these phenomena [58].

Statistical tests such as ANOVA and t-tests have been used in many studies to examine
the impact of stress on different aspects, including physiological responses and behav-
ior. These methods helped researchers compare groups exposed to different levels of

stress and identify differences in stress responses [59]-[61].

Within the scope of the Emboa project, physiological data of children with autism from
different age groups were collected in more than one country. Since labeling could not
be done during or after the session, physiological data differences between these age
groups were made on a feature basis. During this analysis, comparisons among all
groups were conducted using ANOVA, while pairwise comparisons were performed

using T-tests.
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3.3.3.1 ANOVA

Since there were different age groups between the groups, children with similar age
groups were divided into G1, G2, and G3. One-way ANOVA test was applied with
existing groups, shown in Table 3.3. As a result of the analysis, when the differ-
ences between age groups were examined, it was noticed that the amplitude-dependent

changes of BVP were more distinctive.

Among all EDA features, those with the highest maxima, 95th quantile, and amplitude
ranges were found to be most distinguishing. Additionally, the standard deviation,
minimum, and maximum-to-minimum ratio of the Skin Conductance Response (SCR)
signal were also significant. These results suggest that both the raw and phasic com-
ponents of the EDA signal are affected by age, with the phasic component potentially

being more pronounced, shown in Table 3.4.

Of the 16 ST features examined, 12 were found to be statistically distinguishable across
age groups. However, the standard deviation, variance, interquartile range, and coeffi-
cient of variation of these signals were not particularly informative. Interestingly, the
minimum, maximum, and range of signal amplitude varied significantly between the

three modalities of BVP, EDA, and ST.

In essence, an examination of the 39 BVP, 48 EDA, and 16 ST features revealed that 3
BVP features, 13 EDA features, and 12 ST features were significantly different among
the various age groups. Overall, our findings highlight the importance of considering
age when analyzing physiological signals, as it can impact the interpretation of the
results. Specifically, certain features of the EDA and ST signals were found to be more
distinguishing across age groups, while others were not. These insights can help guide

future research and clinical applications in the field.

3.3.3.2 T-test

A pairwise comparative t-test statistical analysis method which is a widely used
method for comparing the changes between different groups’ characteristics [62] was

performed between age groups in this study. All groups were compared with each
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Table 3.4 : ANOVA results between ages (just significant values (p-value <0.05)).

Signal Features F-Value p-Value
BVP_min 4.3 0.03

Blood Volume Pulse BVP_max 3.8 0.04
BVP_ran 4.3 0.03

SCR_std 5.5 0.01

SCR_min 8.8 <0.01

EDA_max 4.0 0.03

SCR_max 10.7 <0.01

SCL_max 4.0 0.03

EDA_q05 54 0.01

Skin Conductance = EDA_q95 3.8 0.03
SCR_q95 4.5 0.02

SCL_qg95 3.8 0.03

EDA_ran 4.0 0.03

SCR_ran 10.4 <0.01

SCL_ran 4.1 0.03

SCR_max_min 5.1 0.01

ST mean 206.6 <0.01

ST _med 3.8 0.04

ST_min 18.8 <0.01

ST max 4.5 0.02

ST_skew 6.9 <0.01

Skin Temparature ST_kurt 44 0.02
ST_q05 5.6 0.01

ST_q25 4.0 0.03

ST_q75 3.7 0.04

ST_q95 3.6 0.04

ST_ran 5.8 0.01

ST max_min 6.9 <0.01
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other using ANOVA. T-test was used to compare paired groups with each other. It was
observed that 9 acquired features were more distinctive between Group 1 and Group
2 (Table 3.5). It also revealed that the distinctive features that distinguished Group 1

from Group 3 were based on ST.

Distinguishing features were examined in pairwise comparison for Group 2 and Group
3. It showed that their averages differ significantly depending on the feature extracted
from the EDA signal, as shown in Table 3.5. When the important features of the
groups were examined, more features that showed statistically significant differences
between Group 2 and Group 3 were found (Table 3.5). Between Group 1 and Group
3, there were 4 features with a p-value less than 0.05 (Table 3.5). When the results
were examined between groups, it was seen that EDA-derived features were more

prominent.

3.3.4 Experimental results & discussions

3.3.4.1 Signal analysis

It was checked whether the data collected from all countries were within the required
ranges. Feature extraction was made from physiological data such as BVP and EDA.
Each of the sessions performed by the children with the robots was examined. Within
the scope of the study, examinations were made on the physiological analysis of the
participant anonymously labelled as CO7. To extract signal features, 2-minute windows
were selected and features were extracted. The child received 7 sessions of therapy
with Kaspar. BVP HF - LF values and EDA peak number and amplitudes are important
to us in the therapies. Data regarding this are presented in Figure 3.5 and Figure
3.6. The participants’ average data between sessions and baseline data found in the
literature were also examined. When the pictures were examined, it was observed that
the 4th and last session was not stressful according to BVP features. When we examine
the inferences in the EDA data, these results are not supported. The peaks are lower
than the baseline but higher than the individual mean. The amplitude value is also

higher than the average. According to these data, we can say that the boy was more
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Table 3.5 : T-Test results between ages (just significant values (p-value <0.05)).

Groups  Features T-Stats p-Value
BVP_med -3.06 <0.01
BVP_min 2.6 0.02
BVP_max 2.5 0.02
BVP_ran 2.6 0.02

G1vs G2 SCR_min 2.9 <0.01
SCR_max -3.2 <0.01
SCL_max 4.0 0.03
SCR_ran -3.1 <0.01
ST_skew 2.58 0.02
ST _min 3.8 <0.01
ST_skew 3.04 <0.01

GLvsG3 o vurt 22 0.04
ST _max_min -2.15 0.05
EDA_mean 3.8 <0.01
SCL_mean 2.54 0.02
EDA_med 2.25 0.03
SCL_med 2.24 0.03
SCR_std 3.25 <0.01
SCR_min -3.33 <0.01
EDA_max 2.72 0.01
SCR_max 4.05 <0.01
SCL_max 2.7 0.01
SCR_skew 2.5 0.02
EDA_kurt -2.6 0.02
SCR_Kkurt -2.08 0.05
SCR_q05 3.08 <0.01
EDA_q25 2.13 0.04

G2vsG3 - ger 25 .14 0.04
SCL_g25 2.16 0.04
EDA_q75 2.36 0.03
SCR_q75 2.47 0.02
SCL_q75 2.34 0.03
EDA_q95 2.66 0.01
SCR_q95 3.08 <0.01
SCL_q95 2.63 0.01
SCR_var 2.24 0.03
EDA_ran 2.72 0.01
SCR_ran 0.001 3.78
SCL_ran 0.012 2.68
SCR_max_min 0.003 3.15
SCR_iqr 2.35 0.07
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stimulated compared to the beginning of the therapy, which may have occurred due to

his interaction with Kaspar.
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Figure 3.5 : BVP features for all sessions.

BVP and EDA signals, which we examined in the data between sessions, gave us
different information compared to the information we received from the literature. For
this reason, the 4th session was examined in more detail. With windowing, the data
obtained during the 4th session was divided into parts, and feature extraction was per-
formed again. As seen in the figures, if we look at the literature data, it was determined
that the low and high-frequency values were compatible with the amplitude values and
the 4-6 minute intervals corresponded to stress. When we examine all sessions and
features, we can say that all signals between minutes 2-4 indicate that the child is

stressed, shown in Figure 3.7 and Figure 3.8.

The data for the 4th session are presented in Table 3.6 at 2-minute intervals. The table
includes the baseline value taken from the literature and the person’s threshold value.
Emotion states were determined considering the data. This chapter is based on the

paper "Stress Detection of Children With ASD Using Physiological Signals" [63].
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Figure 3.6 : EDA features for all sessions.

3.3.4.2 Statistical analysis

In this part of the study, it was examined whether there was a significant difference in
physiological signals between the groups of children participating in the Emboa project
(p < 0.05). The children were divided into 3 groups according to their age range. The

results showed that the amplitude-related features of BVP were the most distinctive

between age groups for all 3 groups.

Table 3.6 : 4th session statistics for MAAP-CO07.

Interval LF HF Peaks Amp Emotion
0-2* 2565.34 369196 16  0.7127 sad
2-4%% 291278 3565.82 13 0.9349 sad
4-6* 2439.87 2852.65 8 0.8198  happy
6-9 980.68 2036.96 8 0.8049  happy
Baseline 2243.00 3127.00 25  0.6600 -
Threshold 1783.05 4062.36 10  0.7355 sad

28




3000 - * ok
*
2000 1
S
3
1000 A
0 i
0-2 2-4 4-6 6-9
4000 1 *
3000 A K
=
20001 —— Baseline
10004 — Average
Bl MAAP-CO7
0 i

6-9
Figure 3.7 : BVP features for the 4th session.

It has been observed that features with the maximum, 95th quantile, and amplitude
range for EDA, SCR, and SCL are distinctive. According to the results, phasic and
tonic components of EDA play an active role as distinguishing features. 12 of 16 ST
features were found to be statistically significant 3.5) and 3.4). Overall, 3 of 39 BVP
features, 13 of 48 EDA features, and 12 of 16 ST features were statistically significant.
Findings show that the ST signal is more pronounced among different age groups.
This may be due to environmental conditions if the watch is not seated properly. This
chapter is based on the paper "Investigation of Physiological Features by Age Groups
in Children with Autism" [64].

3.4 Stress Analysis Using the Stroop Test

Within the scope of the Emboa project, the physiological data of the participants were
analyzed according to the metrics in the literature review, comparing age groups and
stress differences between sessions. Since there were no labels in the sessions held

within the scope of the Emboa project, a different test was conducted using the Stroop
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Figure 3.8 : EDA features for the 4th session.

test with typically developed primary school children to classify stress detection in

children.

Stroop test is a psychological test used to measure cognitive abilities such as attention
and focus. This test creates a challenge for the person regarding the names of the
colors. For example, if the word "Green" is written in red, the person is asked to name
the written color of the word (i.e., expected to say "red"), while ignoring the meaning
of the word. This conflict inhibits the brain’s tendency to automatically respond based
on the meaning of the word and may cause the individual to respond more slowly or in-
correctly. Incorrect answers make the person feel under intense pressure in short-term
tests. The Stroop test is frequently used in psychology and neuropsychological evalu-

ations.

In this test, sessions in which the Stroop test was performed are labeled as stressful.
As seen in the Figure 3.9 and Figure 3.2, it took 5 minutes in total. First, a baseline

recording was taken. In the stress area, a Stroop test was performed in a limited time.
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Figure 3.9 : Stroop test procedure.
3.4.1 Signal analysis

The data obtained in the Stroop test were collected using Empatica E4, as in other
tests. Physiological data were transferred to Excel with the help of Cloud. First, raw

data was created on a student basis to visualize the sessions.

B EDA Baseline
= 40
e EDA_Stroop
% - EDA_NS
= i
i
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Figure 3.10 : Signal histograms.

Distributions between sessions were visualized with histogram graphics as shown in
Figure 3.10. In addition, Boxplot graphs were drawn to visualize the central tendency,
distribution, outliers, and comparison of different groups of the data set, seen in Figure
3.11. It is aimed to remove the noise components seen in the boxplots by performing
filtering operations. In the relevant images, It is aimed to remove the noise components
seen in the boxplots by performing bandpass filtering operations. In the relevant stages,

some signals were filtered.

3.4.2 Feature selection

Due to their propensity to maximize classification system performance, two
well-performed feature selection algorithms k—best and mRMR (minimum redundancy
maximum relevance) have attracted a lot of interest in the machine learning community

in recent years. While the mRMR algorithm concentrates on choosing features with
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Figure 3.11 : Signal box plots.

the least amount of redundancy and the greatest relevance to the target variable, the

k-best method chooses the top k most informative features from a given dataset.

Numerous studies have demonstrated the efficacy of these algorithms across various
application areas, including human activity recognition, cancer classification using
gene expression profiling, natural language parsing, and medical data analysis. For
instance, Fang et al., 2020 [65] leveraged the mRMR algorithm to recognize human
activities with high accuracy, while Alshamlan et al., 2015 [66] employed the same
method for cancer classification. Similarly, Hameed et al., 2021 [67] utilized the k-best

algorithm for efficient medical data analysis.

To further improve the performance of classification systems, researchers have devel-
oped hybrid feature selection algorithms that integrate the strengths of multiple meth-
ods. For example, Alshamlan et al., 2015 [66] proposed the mRMR-ABC algorithm,
which combines the mRMR algorithm with an additional filter to reduce the impact
of irrelevant genetic variants on cancer classification. Unler et al., 2011 [68] devel-
oped the mr2PSO algorithm, which employs particle swarm optimization to identify
the optimal combination of feature selection techniques for support vector machine

classification.

The versatility and significance of these algorithms are evident in their widespread
adoption across numerous domains. They have been successfully applied in healthcare
and biology, natural language processing, and engineering, highlighting their potential
to enhance the efficiency and accuracy of machine learning models. As the demand

for advanced Al technologies continues to grow, the importance of effective feature
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selection algorithms will only increase, underscoring the need for continued research

and innovation in this area.

Feature selection was performed using mRMR feature selection and kbest. 10 features
were selected for the two methods, and EDA_max_min, EDA_coeffvar, SCR_Peaks
and SCL_coeffvar features were selected as common elements. The relevant Figure
3.12 shows the correlation matrix created for 10 features selected with the mRMR
algorithm. After the feature selection step, the dataset was created with labels 0, 1,
and 2 representing distinct states: O for the baseline, 1 indicating stress conditions,
and 2 signifying recovery steps. These labels categorically define the conditions under
which dataset samples were collected. In machine learning, such designated labels
play a crucial role in classifying or identifying these diverse states. This systematic

labeling aids in both analyzing the dataset’s different conditions and integrating these
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Figure 3.12 : mRMR features correlation matrix.
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3.4.3 Classification

3.4.3.1 XGBoost classification

XGBoost is a versatile algorithm that is used as a classification method in many
fields. In the field of artificial intelligence, XGBoost (Extreme Gradient Boosting)
has emerged as the learning algorithm that has gained widespread recognition. What
sets XGBoost apart from others lies in its capacity to handle large datasets, large fea-
ture spaces, and diversified applications with ease. The essence of XGBoost lies in
its boosting mechanism, which involves combining a large number of weak learners
to create an outstanding classifier. With the strong structure created, model errors can
be eliminated and the models can iteratively reveal the relationships within the data
professionally. XGBoost increases performance with gradient boosting and also cre-
ates more reliable predictions. Chen et al. described XGBoost as a boosting system
and emphasized its ability to achieve good results on classification problems [69]. Gu
et al. proposed the powerful machine learning algorithm XGBoost to identify the root
causes of failures with exceptional accuracy [70]. They took advantage of the strengths
of XGBoost by implementing quadratic Taylor expansion in the model. They stated

that the proposed method achieved superior performance compared to others.

XGBoost has proven successful in various application areas. XGBoost is a power-
ful ensemble approach that has shown to be extremely effective in a wide range of
applications, such as social analysis, defect detection, healthcare, and environmental
monitoring. Its remarkable success may be ascribed to its capacity to provide depend-
able predictions, highlight significant features using feature significance measures, and
manage class imbalance concerns with ease. Its adaptability has made it easier to inte-
grate smoothly with other optimization methods like particle swarm optimization and
genetic algorithms, which has increased its potential. XGBoost has become a standard
tool for academics and practitioners alike because of its broad usage in a variety of

sectors.
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3.4.3.2 LSTM classification

Long Short-Term Memory (LSTM) is a type of recurrent neural network (RNN) de-
signed to efficiently find and process long-term relationships in sequential data. Be-
cause of their unique feedback connections, which set them apart from traditional
feedforward neural network architecture, long-term storage and retrieval of historical
data is made possible for LSTM networks. This characteristic makes them especially
well-suited for processing sequential data types, such as those found in time series
analysis, natural language processing, physiological signal processing, and other re-
lated fields. LSTMs expand upon the basic structure of RNNs, allowing them to better
handle dependencies over long time intervals. Normal RNNs tend to lose historical
knowledge over time, and they might have trouble comprehending lengthy dependency
processes. By including a feature known as "cell state," LSTMs enhance information
storage and control mechanisms to address this issue. They are more equipped to deal

with chronic addictions in this way.

LSTM has been used to the analysis of EDA and other physiological signals for stress
categorization and detection in several studies. For example, Zulqarnain et al., 2023
[71] showed that an E-LSTM technique performed better in stress detection classifi-
cation than other approaches, proving the usefulness of LSTM in stress classification
tasks. Furthermore, Phutela et al., 2022 [72] demonstrated the application of LSTM in
stress classification based on physiological signals by contrasting it with the MLP and

LSTM for categorizing stress and non-stress groups.

In conclusion, LSTM has proven its strength in tasks like stress classification and fault
detection, whereas XGBoost has been useful in applications like network intrusion
detection and power price predictions. The particular needs and features of the issue at

hand may influence which of XGBoost and LSTM is best.

35



3.4.4 Experimental results & discussions

Within the scope of this study, various setups were established to leverage labeled
data following assessments conducted with children. Models were constructed using
XGBoost and LSTM algorithms utilizing test data obtained from the Stroop test, and

their accuracies were subsequently analyzed.

3.4.4.1 XGBoost classification

The 10 significant features selected by mRMR were classified using XGBoost classi-
fication. The test classification result is as shown in Table 3.8, for train shown in Table
3.7. Balanced accuracy is a measure used to evaluate the performance of the classifi-
cation model on data sets with class imbalance. It was observed that the sensitivity of

detecting the baseline state was higher than detecting the stress and recovery states.

Confusion matrices for train and test classification for XGBoost are shown in Figure
3.13. In test classifications, the best stress situation was determined correctly by the
confusion matrix. The distinctiveness of this class is greater than others.

K = 10 confusion matrix for training set K =10 Confusion matrix for test set

0.117 0.187
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Baseline

0.972

True labels
Stress
True labels
Stress

Pl )
g g
9] 9 0.034
(] (5]
(3] Q
14 4
Baseline Stress Recovery Baseline Stress Recovery
Predicted labels Predicted labels

Figure 3.13 : XGBoost training and test confusion matrix.

All of the metrics are calculated after training. Figure 3.14 and 3.15, showed that,
recall, precision, and roc curves. Precision measures how many positive predictions are
correct. Indicates the rate of false positives. Recall measures how many true positives

were predicted correctly. Indicates the rate of false negatives. Precision is about false
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Table 3.7 : XGBoost train accuracy.

Classes Precision Recall F1-Score
Baseline 0.9936 0.8619 0.9231
Stress 0.9645 0.9897 0.9769
Recovery 0.9600 0.9753 0.9676
Balanced Accuracy 0.9423
Accuracy 0.9662
Macro Avg. 0.9727 0.9423 0.9559
Weighted Avg. 0.9668 0.9662 0.9658

Table 3.8 : XGBoost test accuracy.

Classes Precision Recall F1-Score
Baseline 0.9796 0.7111 0.8240
Stress 0.9294 0.9809 0.9545
Recovery 0.9282 0.9562 0.9420
Balanced Accuracy 0.8827
Accuracy 0.9340
Macro Avg. 0.9457 0.8827 0.9068
Weighted Avg. 0.9359 0.9340 0.9316

positives, recall is about false negatives. Ideally, both high precision and high recall are

desired, but the two are often at odds with each other. That’s why balance is important.
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Figure 3.14 : XGBoost precision and recall curve.
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Figure 3.15 : XGBoost ROC curve.

The contribution of the features used in the model to the classification of the model was
examined. For this, the SHAP (SHapley Additive Explanations) method was used. In
this way, it was possible to comment on the model based on the outputs. According to
the model result we created with the XGBoost algorithm, EDA_max_min is the most

decisive feature among all features, shown in Figure 3.16.

In Figure 3.17, the SHAP summary chart visualizes the impact of different features
on the model’s predictions. Each point represents the Shapley value calculated for a
specific attribute in the dataset. The Shapley values quantify the contribution of each
feature to the model output. These values are computed individually for each data
point, resulting in a calculation for every cell used in training, which accounts for the

longer computation time associated with SHAP.

The y-axis lists the features used in training, ordered by their importance in influencing
the model’s output, with the most impactful features at the top. Notably, in this graph,
the attribute that appears to have the most significant impact on the model’s predictions

is EDA_max_min.
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On the x-axis, the Shapley values are plotted. Positive values indicate contributions
that positively influence the prediction of the data’s class, while negative values signify

contributions that have a negative effect on the prediction.

Observing the graph, it’s apparent that a low SCR_quantile25 value negatively impacts
the model’s prediction. Conversely, areas, where the relevant values are depicted as red

(indicating high values), show features that have a positive effect on the prediction.
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Figure 3.16 : Feature importance.

This visual representation aids in understanding how individual features contribute to
the model’s decisions and which attributes hold more sway over the predicted out-

comes.

3.4.4.2 LSTM classification

In this part of the study, the LSTM method, which is mostly used in sequential data,
was used. Features were extracted from the data and stress classification operations
were performed in XGBoost. In LSTM, raw data was processed and classification
operations were performed with certain window intervals. Batch normalization was
used. With this method, the outputs at each layer of the network are normalized and
the training process is improved. Afterwards, the Relu activation function was used.
The system operates more quickly and effectively because relu activation functions,

which are only active at positive values, prevent the neural network’s intermediate
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Figure 3.17 : Shap value impact graph.

layers from activating a potential negative output and, as a result, prevent the neural
network from being able to activate all of its neurons at once. Dropout layer was
used to prevent overfitting in the intermediate layers. Through Dropout layout, some
neurons are forgotten and the model is prevented from memorizing the data. At the
model output, the sigmoid activation function was used for binary classification, and

the Softmax activation function was also used for multiple classification.

In Table 3.9, it is shown that the accuracy of the model is 0.73. Baseline recall and
Fl1-scores are 0.24 and 0.34 respectively. The F1 score is a measure that evaluates the
accuracy of a classification model. F1 score is the harmonic mean of precision and
recall values. A low F1 score may indicate that the model is underperforming in terms
of both precision and recall. This may indicate that the model produces both false
positive results (low precision) and false negative results (low recall). That is, a low F1
score indicates that the model is poor or unstable at identifying given classes. In this
case, steps such as better training the model, improving features, or choosing a more
suitable algorithm can be considered. This situation may also be due to the lack of data

for the baseline class. In our data, baseline data is less than in other classes.

The test was performed as a binary classification with the same model. The recovery
data in the model was combined with baseline data and named No-Stress. Table 3.10,

it is shown the result of binary classification with the LSTM model. According to the
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result, the accuracy is 0.77 and the metrics are more acceptable than the first test. Our

model can better classify non-stress and stress situations from raw data.

Table 3.9 : LSTM multi-class test accuracy.

Classes Precision Recall F1-Score
Baseline 0.62 0.24 0.34
Stress 0.79 0.76 0.78
Recovery 0.69 0.87 0.77
Accuracy 0.73
Macro Avg. 0.70 0.62 0.63
Weighted Avg. 0.73 0.73 0.71

Table 3.10 : LSTM binary-class test accuracy.

Classes Precision Recall F1-Score
Non-Stress 0.74 0.87 0.80
Stress 0.82 0.66 0.73
Accuracy 0.77
Macro Avg. 0.78 0.76 0.76
Weighted Avg. 0.77 0.66 0.76
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4. CONCLUSION

In the current study, unlike most of the studies in the literature involving adult test sub-
jects, research has been conducted on stress detection in children. Due to difficulties in
obtaining a large and labelled dataset,future studies will focus on expanding the child

dataset and employing deep learning methods.

In the research on robot therapies in children, emotional states were analyzed and the
following findings were obtained: There is a significant correlation between physi-
ological data and stress states. It has been observed that especially in children, the
EDA_max_min feature is more important than other features during stress periods.
In addition, in the analyses made between ages, it was seen that stress status mark-
ers had different characteristics. It has been observed that the XGBoost classification
algorithm works with a higher accuracy rate compared to other methods in stress clas-

sification in the child data we have.

The relationships between child datasets and adults will be investigated. Furthermore,
binary groupings of obtained signals or determining the most influential features of
each signal can facilitate classification methods. Using child datasets, the aim is to

compare and contrast the relationship of signals between children and adults.

The emotional recognition feature with children can be utilized in our studies in the
field of human-robot interaction. This feature can be employed to provide feedback to

therapies and rsobots, enhancing their effectiveness.
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