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Abstract
Virtual reality (VR) is not a new technology but has been in development for decades, driven by

advances in computer technology such as computer graphics, simulation, visualization, hard-

ware and software, and human-computer interaction. Currently, VR technology is increasingly

being used in applications to enable immersive, yet controlled research settings. Education

and entertainment are two important application areas, where VR has been considered a key

enabler of immersive experiences and their further advancement. At the same time, the study

of human behavior in such innovative environments is expected to contribute to a better

design of VR applications. Therefore, modern VR devices are consistently equipped with eye-

tracking technology, enabling thus further studies of human behavior through the collection

of process data. In particular, eye-tracking technology in combination with machine learning

techniques and explainable models can provide new insights for a deeper understanding of

human behavior during immersion in virtual environments.

In this work, a systematic computational framework based on eye-tracking and behavioral

user data and state-of-the-art machine learning approaches is proposed to understand

human behavior and individual differences in VR contexts. This computational framework

is then employed in three user studies across two different domains, namely education,

and entertainment. In the educational domain, the exploration of human behavior during

educational activities is a timely and challenging question that can only be addressed

in an interdisciplinary setting, to which educational VR platforms such as immersive VR

classrooms can contribute. In this way, two different immersive VR classrooms were created

where students can learn computational thinking skills and teachers can train in classroom

management. Students’ and teachers’ visual perception and cognitive processing behaviors

are investigated using eye-tracking data and machine learning techniques in combination

with explainable models. Results show that eye movements reveal different human behaviors

as well as individual differences during immersion in VR, providing important insights for

immersive and effective VR classroom design. In terms of VR entertainment, eye movements

open a new avenue to evaluate VR locomotion techniques from the perspective of user

cognitive load and user experience using machine learning methods. Research in two

domains demonstrates the effectiveness of eye movements as a proxy for evaluating human

behavior in educational and entertainment VR contexts. In summary, this work paves the way

for assessing human behavior in VR scenarios and provides profound insights into the way of

designing, evaluating, and improving interactive VR systems. In particular, more effective and

customizable virtual environments can be created to provide users with tailored experiences.
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Zusammenfassung
Die virtuelle Realität (VR) ist keine neue Technologie, sondern befindet sich seit Jahrzehnten in

der kontinuierlichen Entwicklung, angetrieben von Fortschritten in der Computertechnologie

wie Computergrafik, Simulation, Visualisierung, Hard- und Software und Mensch-Computer-

Interaktion. Gegenwärtig wird VR-Technologie in zunehmendem Maße in Anwendungen

eingesetzt, die immersive, aber kontrollierte Forschungsumgebungen ermöglichen. Bildung

und Unterhaltung sind dabei zwei wichtige Anwendungsbereiche, in denen VR als Schlüs-

sel zu immersiven Erfahrungen und deren Weiterentwicklung angesehen wird. Gleichzeitig

wird erwartet, dass die Untersuchung des menschlichen Verhaltens in solchen innovativen

Umgebungen zu einer besseren Gestaltung von VR-Anwendungen beitragen wird. Daher

sind moderne VR-Geräte durchweg mit Eye-Tracking-Technologie ausgestattet und ermögli-

chen so weitere Studien des menschlichen Verhaltens durch die Sammlung von Prozessdaten.

Insbesondere kann die Eye-Tracking-Technologie in Kombination mit Techniken des maschi-

nellen Lernens und erklärbaren Modellen neue Erkenntnisse für ein tieferes Verständnis des

menschlichen Verhaltens während der Immersion in virtuellen Umgebungen liefern.

In dieser Arbeit wird eine systematische Methodik vorgestellt, die auf Eye-Tracking- und

Verhaltensdaten von Nutzern und modernen maschinellen Lernansätzen basiert, um mensch-

liches Verhalten und individuelle Unterschiede in VR-Kontexten zu untersuchen. Dieser Ansatz

wird dann im Rahmen von drei Nutzerstudien in zwei verschiedenen Anwendungsbereichen,

nämlich Bildung und Unterhaltung, eingesetzt. Im Bildungsbereich ist die Erforschung des

menschlichen Verhaltens während Lern- und Lehraktivitäten eine aktuelle und herausfor-

dernde Frage, die nur in einem interdisziplinären Rahmen angegangen werden kann, wozu

pädagogische VR-Plattformen wie immersive VR-Klassenzimmer einen erheblichen Beitrag

leisten können. Auf dieser Weise wurden zwei verschiedene immersive VR-Klassenzimmer

entwickelt, in denen Lernende computergestützte Denkfähigkeiten erlernen und Lehrende

das Klassenraummanagement trainieren können. Die visuelle Wahrnehmung und das kogni-

tive Verarbeitungsverhalten von Lernenden und Lehrenden wurden dabei mithilfe von Eye-

Tracking-Daten und maschinellen Lernverfahren in Kombination mit erklärbaren Modellen

erforscht. Die Ergebnisse zeigen, dass Augenbewegungen verschiedene menschliche Verhal-

tensweisen sowie individuelle Unterschiede während der Immersion in VR aufzeigen und so-

mit wichtige Erkenntnisse für die immersive und effektive Gestaltung von VR-Klassenräumen

liefern. Im Hinblick auf VR-Unterhaltung eröffnen Augenbewegungen einen neuen Weg, um

VR-Lokomotionstechniken aus der Perspektive der kognitiven Belastung des Nutzers und der

Nutzererfahrung mit Methoden des maschinellen Lernens zu bewerten. Die im Rahmen der
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Zusammenfassung

Dissertation durchgeführte Forschung in diesen zwei Anwendungsbereichen zeigt die Effek-

tivität von Augenbewegungen als Proxy für die Bewertung des menschlichen Verhaltens in

VR-Bildungs- und Unterhaltungskontexten. Zusammenfassend ebnet diese Arbeit somit den

Weg für die Bewertung des menschlichen Verhaltens in VR-Szenarien und liefert Erkenntnisse

über die Gestaltung, Bewertung und Verbesserung interaktiver VR-Systeme. Auf dieser Basis

können effektivere und personalisierbare virtuelle Umgebungen für maßgeschneiderte und

immersive Erfahrungen geschaffen werden.
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1.1. Scienti�c Contribution

1.1 Scienti�c Contribution

This thesis provides a state-of-the-art investigation of human behavior in virtual reality (VR)

using eye-tracking technologies in combination with machine learning techniques to shed

light on the adaptive and effective design of VR applications for education and entertainment.

Contributions include the assessment of various human behaviors during VR learning and

entertainment experiences using eye-tracking, machine learning approaches to identify in-

dividual differences based on eye-tracking, and post-hoc model explanation approaches for

deeper investigations of interpretable model outputs.

Chapter 1 lists the main publications during the doctoral studies (including papers used

in this thesis and papers that contribute to fundamental aspects in eye gaze analysis) and

provides an overview of their scienti�c contributions.

Chapter 2 introduces the background and fundamentals of this thesis, including the appli-

cation of VR in education and entertainment and eye tracking as an evaluation tool to assess

various human behavior in VR scenarios.

Chapter 3 presents and discusses the major contributions based on the core publications

during the dissertation project, mainly from three VR user studies in education and enter-

tainment domains. To investigate student behavior while learning in VR, an immersive VR

classroom was created to provide students with an immersive learning experience. The con-

tributions of this study include insights into designing adaptive VR classrooms by analyzing

students' eye gaze behaviors, uncovering the impact of animated virtual avatars, particu-

larly virtual peer learners' social interaction behaviors, on students, and identifying gender

differences in the learning process through machine learning based on eye-tracking. In ad-

dition, teachers' behavior during VR immersions is also investigated. For this purpose, an

immersive VR classroom was created to assess teachers' expertise in professional vision using

eye-tracking and machine learning. This study mainly contributes to a viable and practical

avenue of assessing teacher expertise with machine learning methods. The study of human

behavior in entertainment VR applications provides insights to improve the design of VR

systems. To this end, an VR locomotion study was proposed to assess human behavior in VR

entertainment using eye tracking in combination with machine learning. This study provides

a feasible way to evaluate locomotion methods from the perspective of cognitive load and

user experience based on eye movements.

Chapter 4 discusses the main �ndings of the dissertation and provides an outlook on the

assessment of human behavior using eye-tracking in VR-based systems.

3





2 Introduction

Virtual reality (VR) can be de�ned as an approach to a user-computer interface that involves

a real-time simulation of an environment, scenario, or activity that enables user interaction

through multiple sensory channels [ 1]. VR is not a recent technology but has been in develop-

ment for decades, driven by advances in computer technology such as computer graphics,

computer simulation, visualization, human-computer interaction technology, and software

and hardware. For several decades, however, the applications of VR remained mainly limited

to individuals. In recent years, as global events accelerated existing trends toward distance

education and virtual experiences, many major technology companies embraced virtual

and augmented reality and are investing massively. This has facilitated the development of

the latest consumer-grade VR head-mounted displays (HMDs) (e.g., Oculus Rift 1 and HTC

Vive 2) and the proliferation of these technologies in people's daily lives [ 2, 3], such as Horizon

Workrooms 3 for virtual business meetings launched by Facebook for Oculus Quest 2, or

OneBonsai's Virtual Instructor Platform 4 for safety, medical, and industrial training.

VR is considered a highly promising and prominent educational aid of the 21st century, as

it has the advantage of providing users with authentic and realistic learning experiences by

mimicking real educational scenarios or those scenarios that are impossible in the real world,

thus further improving users' learning performance. In particular, VR has been identi�ed as

an excellent educational tool for learning and training in STEM subjects (Science, Technology,

Engineering, and Mathematics) such as physics, math, computer science, manufacturing,

language, health, and medicine, e.g., [ 4, 5, 6, 7, 8, 9], as well as in non-STEM subjects such

as business and arts, such as [10, 11]. VR not only provides an authentic environment that

mimics the real world but can make the impossible possible. For example, some contexts

such as hostile working environments, learning life-threatening procedures, and high-cost

training, environments that are dif�cult to assess, make hands-on training and learning far

too impossible and highly risky. In these cases, VR can provide "risk-free" experiences at a

1https://www.oculus.com/rift-s/
2https://www.vive.com/us/
3https://www.oculus.com/workrooms/
4https://onebonsai.com/vr-training/virtual-instructor-platform
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2. Introduction

reasonable cost.

Educational VR applications support both online and of�ine learning, and with the develop-

ment of VR technology, the integration of VR into education may become more prevalent in

the near future. In fact, a variety of VR-based learning platforms have been developed and

widely deployed, such as Engage 5 and Mozilla Hubs 6. Such VR platforms not only allow

learners to learn �exibly but also provide a high level of immersion and enhanced social

engagement compared to traditional non-VR web-based online learning. The development of

VR-based online learning platforms has recently been further driven by advanced VR HMDs

and especially under the special circumstances of the COVID-19 pandemic. Many universities

and schools had to switch to online teaching, which further promoted the development of

remote interactive online learning. Many researchers have made efforts to develop more

ef�cient and interactive VR platforms for online education. In addition to online learning

platforms, VR is also used to develop of�ine learning platforms where real social interactions

with real people can be replaced by pre-programmed avatars in virtual environments, such as

immersive VR classrooms [ 12]. Such VR-based of�ine learning platforms can provide learners

with more �exibility, adaptability, and personalization. By adapting the design paradigms of

VR applications, self-directed learning can be achieved and individualized support can be

provided to learners.

VR-based educational platforms not only provide learners with a learning context but also

facilitates researchers to study the effects of certain features of learning environments on learn-

ers, which can provide further opportunities to improve learning outcomes. Studying learner

behavior during real-world learning is challenging due to the dif�culty of fully controlling

experimental conditions and preparing real-world learning experiments is time-consuming

and expensive. For example, two of the most important factors that can shape learners' learn-

ing behavior and that need to be investigated are the teachers who deliver the instructional

content to the class and the peer learners who provide social interaction information to the

learners. In real-world contexts, it is dif�cult to fully control these two factors, and especially

to repeat the experiments many times. VR, on the other hand, can overcome this limitation by

manipulating the virtual teacher and virtual peer learners with virtual avatars programmed

with real-world animations.

In addition to the bene�ts of VR for education, VR is also becoming increasingly popular

in entertainment, enriching people's daily entertainment life. Designers and researchers are

inspired to integrate VR into entertainment in various and innovative ways, such as the VR

museum [ 13] used by many world-famous museums, virtual theme and amusement parks on

Oculus Rift and Steam, VR music experiences, and numerous VR games.

Behind the booming adoption of VR in education and entertainment is the question of

how to develop the optimal applications for speci�c purposes. That is, how to design a VR

5https://engagevr.io/
6https://hubs.mozilla.com/
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application that best achieves the goals and meets the needs, for example, an educational VR

application that not only serves as a simple learning platform for learners but also promotes

the best learning behaviors, whereas an entertainment VR application provides the best

experience for users. Therefore, it is essential to study the behavior of users while they are

immersed in virtual environment, as this will provide deep insights to improve VR systems

and thus provide better VR experiences for users. In the literature, it was recognized already

two decades ago that VR systems have the potential to facilitate the study of human behavior

in psychology [ 14]. In VR systems that display 3D visual stimuli, users interact with virtual

objects so that their behavioral responses to these visual stimuli can be measured. Thanks

to the development of VR technology that enables tracking of various human behaviors (e.g.,

body tracking, head tracking, gaze tracking) and software such as Unity 7 and Unreal Engine 8

in recent years, VR has now proven to be viable for studying various human behaviors in

different domains. In particular, eye-tracking technology built into HMDs makes it easy to

obtain human gaze data, which contains extensive information about how users process

visual scenes and whether a cognitive processing load is simultaneously triggered during

information processing. Eye movements are the movements of the human eyes that help

capture, track, and �xate visual stimuli and can reveal people's deep subconscious behaviors

and thoughts about the systems they interact with.

However, studies on eye-tracking in VR are still limited. Several technical limitations account

for the lack of eye-tracking data exploration in human behavior studies in the VR domain. First,

it was dif�cult to obtain eye-tracking data when VR headsets are worn, but this is not a major

issue nowadays as some advanced HMDs are equipped with built-in eye trackers. Second, is

the lack of state-of-art tools or software to analyze eye-tracking data. For traditional remote

and mobile eye trackers, the professional eye-tracking analysis software is well supported by

the respective eye tracker manufacturer. However, for VR HMDs, there is no such software

support despite eye-tracking integration. In this context, the 3D visual stimuli and head

movements in VR environments make it challenging to analyze eye-tracking data with standard

algorithms used for non-VR contexts. Therefore, researchers' attention should be drawn to

overcoming these limitations, as the bene�ts of VR systems as tools for studying human

behavior should not be annihilated by such limitations.

Based on eye-tracking technology and the data derived from such integration, users' visual

attention and cognitive behavior can be easily assessed during immersion in the virtual

environment, which provides further insights for improving VR systems. Speci�cally, in the

�eld of VR education, previous literature has mostly evaluated learner behavior using post-hoc

questionnaires that captured learning outcomes or perceptions of the VR environment, such

as presence, immersion, and engagement [ 12, 15]. However, learner behavior during the

learning process, which provides information about learning improvement, has rarely been

studied and can be investigated using eye-tracking. This method is also applicable in the �eld

of VR entertainment to investigate users' temporal visual perception behavior and provide

7https://unity.com/
8https://www.unrealengine.com/
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2. Introduction

further guidance on designing VR applications that provide users with a better experience.

In summary, this chapter focuses on how eye-tracking can facilitate the development and

application of VR in education and entertainment. Section 2.1 discusses in detail the ap-

plication of VR in education, i.e., how VR has been used to facilitate education. Section 2.2

discusses the application of VR in entertainment. This section primarily discusses, from a

technical perspective, how navigation in VR applications can be achieved. Building on this,

Section 2.3 discusses the effectiveness of eye-tracking for detecting various human visual and

cognitive behaviors and its potential for facilitating studies of VR applications in education

and entertainment.

2.1 Virtual Reality in Education

Recently, digital technologies have gained signi�cant popularity in education at all academic

levels, from elementary school to postgraduate education. VR, in particular, has received

substantial attention due to its ability to provide educators with tremendous opportunities

to incorporate advanced technologies into their educational activities to provide learners

with an improved learning motivation and experience, and thus better learning performance,

e.g., [16]. Moreover, the current availability of consumer-grade HMDs that enable the creation

of immersive experiences at a reasonable cost makes it possible to introduce immersive VR

experiences in education in the near future [ 17]. Due to the many advantages of VR, such as

�rst-hand active experiences, distraction-free, learner-centered, and entertaining, VR has been

used to support various types of learning and teaching, such as virtual �eld trips [ 18], virtual

labs [19], virtual classrooms [ 15, 20], virtual language immersion [ 21], and for training [ 22].

Such VR applications based on advanced technologies have the advantage of enabling remote

and online education with increased engagement and immersion [23].

VR as an evolving technology facilitates education from several aspects. First, virtual learning

and training scenarios can be easily and cost-effectively created to provide users with realistic

experiences. In particular, VR is an optimal solution for educational activities that are dif�cult

or not cost-effective to achieve in real-world situations. For example, VR offers solutions for

science education that requires learners to perform experiments, such as learning chemistry

concepts and performing chemistry experiments that are costly and dangerous [ 24], simulating

physics experiments [ 4], and engineering labs [ 25]. By immersing learners in such virtual

environments, they can learn complex science concepts or theories through active experience

and increased interest. VR also facilitates training by simulating actual events for various

organizations and businesses [ 26]. Training is the teaching or developing of any skills and

knowledge in a person that are related to speci�c useful competencies in speci�c domains,

which is a much more specialized form of education. Real-world training usually has several

limitations, including the high cost of time to set up real-world training systems and travel

to the site, the lack of intuitive visual hints such as 3D animations for concept illustrations,

and the high cost and dif�culty of preparing real-world training materials. VR technology can
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2.1. Virtual Reality in Education

overcome these limitations and enable real-world training through virtual environments [ 27,

28]. Both teachers and learners can bene�t from such training systems to develop speci�c

skills [ 29, 30], for example training pre-service teachers with professional vision skills (i.e.,

teachers' ability to rapidly notice information in the class) [ 22, 31], training students in various

�elds such as medical training [32] and programming skill training [7].

Remote and of�ine education can be supported with advanced VR technology, which has

been further promoted by the COVID-19 pandemic. Compared to real-world learning that

requires students to be physically present, such as attending a lecture in a classroom, online

remote learning with VR platforms can provide learners with an interactive and immersive

learning experience without physical constraints [ 33], such as the social VR platform Mozilla

Hubs. In such remote learning platforms, learners attend remote instruction by immersing

themselves in a virtual environment and interacting with the instructor on the other side of the

internet in real time [ 23]. With the accompaniment of the real person represented by virtual

avatars, learners gain a high level of presence, immersion, and engagement. An example

of this is remote classroom instruction [ 33]. Remote VR classrooms create a classroom that

mimics a traditional classroom with the same features and con�gurations. Moreover, teachers

and students represented by virtual avatars connect to the virtual classroom simultaneously.

Thus, real-time distance learning can be achieved. A key feature of such distance learning

classrooms is that they provide learners with a social accompaniment, similar to that of a real

classroom, especially through peer learners. Learners can interact with both teachers and

peers to get social feedback that is highly related to their learning experience.

VR-based online distance learning provides learners with immersive and interactive learning

experiences by enabling real-time interactions with others who are simultaneously immersed

in the virtual environment. Another form of education is of�ine learning, which can also be

well supported by VR technology. Unlike online distance learning, learners do not interact

with real people in of�ine learning, but can also have an immersive and authentic learning

experience with VR. One advantage of of�ine learning is that there is no time synchronization

issue and thus more �exibility. Apart from that, all the experiences that learners can obtain

from a remote VR learning platform can also be obtained in of�ine VR applications. An

immersive experience can still be provided by programming the speci�c features of the virtual

environment, such as preprogrammed avatars with animations [ 12, 34], to provide a realistic-

like interaction. In such VR-based of�ine applications, students can have the self-paced

immersive learning experiences [35].

Regardless of the form of learning (online or of�ine), VR technology has shown its signi�-

cance and promotion for education. Among the various types of VR applications, (immersive)

VR classroom, where a teacher teaches students face-to-face, is the most widely used form

of education, not only in K-12 but also in higher education. Therefore, it is very important

and necessary to study the different aspects of teacher and student behavior to improve

education [ 36, 37, 38]. VR classrooms provide learners with a learning experience like a real

classroom by mimicking a traditional classroom environment, including classroom layout and
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virtual avatars representing the teacher and classmates [ 12, 39, 40]. Especially with the social

information provided by animated avatars, especially avatar classmates, learners can learn in

a more immersive and engaging way [ 20]. This raises the question of how to design effective

VR classrooms. Some previous work has made signi�cant progress in this research domain.

For example, an online class that enables real-time interactions with teachers and classmates

was developed based on a standard web conferencing system (i.e., Microsoft Teams) and a

VR social platform (i.e., Mozilla Hubs) [ 33]. The teacher delivers a lecture to the students who

attend the class simultaneously. Students perceived a high level of presence while immersed

in such an online class. However, the virtual avatars representing real people were not fully

featured with animations, but only audio information of the real people behind them was

provided. This may reduce the engagement and authenticity of the learning experience. Some

previous work has targeted more interactive avatars to increase authenticity. For example, a

more immersive VR classroom system was designed to support online virtual teaching and

learning [ 20]. In this system, the teacher and students were visualized with lifelike avatars

and can interact with each other. Social information from classmates is one of the important

aspects that in�uence students' learning behavior [ 40, 41]. Therefore, this should also be

considered when designing an immersive and authentic VR classroom. To this end, several

previous studies have created immersive VR classrooms that aim to provide learners with more

peer accompaniment and social interaction by embodying historical messages of previous

learners in the classroom during learning [ 12] and programming virtual classmates with social

interactive behaviors (e.g., hand-raising [40]).

The aforementioned work has mainly discussed VR-based educational systems for learning

purposes, especially from the students' perspective. VR might also be a powerful tool to facili-

tate teacher education, e.g., training teacher with special pedagogical skills [ 42]. For example,

a VR-based learning platform incorporating a Kinect-enabled sensormotor interface has been

developed for teaching training [ 43]. It was found that such a VR learning system supporting a

wide range of teaching tasks with avatar-embodied live gestures can provide teachers with

an enhanced sense of presence. Similar to other VR classrooms designed for students, active

avatars were also created in some related works. The teacher can practice teaching in such a

VR classroom with real students represented by avatars who provide real interaction feedback.

In addition, immersive VR classrooms have been designed for pre-service teachers to practice

teaching [ 44] and classroom management [ 22, 31]. In all these immersive VR classrooms, a

realistic classroom was designed by programming animated avatars (including teachers and

students), providing teachers with authentic teaching experiences.

2.2 Virtual Reality in Entertainment

Virtual reality was originally developed for entertainment. With the advances in computer

graphics, user interfaces, and visual simulations, it has been used in various �elds and also in

our daily lives [ 45]. Especially in recent years, consumer-grade HMDs equipped with sensory

accessories such as controllers, headsets, hand controllers, and treadmills have led to the
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development of various types of VR entertainment (e.g., games, exhibitions, concerts, and

museums [ 13, 46, 47]), as well as education through gaming (edutainment) [ 48, 49]. Rather

than spending hours sitting on the site or walking around a room (e.g., a museum), VR

entertainment enables users to be physically active and explore the virtual environment while

having immersive experiences without having to physically exert themselves too much. This is

one of the essential features of VR entertainment applications, i.e., an unlimited virtual world

can be provided, and users can explore this environment in a small real-world place with little

or no physical movement.

Navigation in virtual environments requires that users can explore large virtual environ-

ments ef�ciently and in�nitely while remaining con�ned within a room-scale real-world

environment. This is achieved through VR locomotion techniques, which is a technology that

enables avatar movement from one location to another within a virtual reality environment.

Especially with the increasing integration of VR into entertainment and education [ 2, 3], VR

locomotion techniques are increasingly being studied by developers and researchers. A variety

of locomotion techniques have been developed and employed in VR applications, which

can be classi�ed into different categories according to the interaction type, VR motion type,

and VR interaction space [ 50]: 1) Motion-based locomotion requires some kind of physical

movement to enable locomotion (e.g., arm swinging [ 51], walking-in-place [ 52]), 2) room

scale-based locomotion is special motion-based locomotion that is limited by the size of the

real environment (e.g., real-walking [ 53]), 3) controller-based locomotion provides continu-

ous movements based on controller inputs (e.g., joystick-based [ 54]), 4) teleportation-based

locomotion supports non-continuous movement by instantaneously moving the user from

one location to another in the virtual environment (e.g., teleportation [ 55]). These different VR

locomotion techniques are unique, have their own bene�ts and drawbacks, and are designed

for different applications. For example, point-and-click teleportation and teleportation-like

locomotion techniques (e.g., grappling) are now very popular and are used and integrated into

a variety of commercial VR systems such as the Oculus Rift and the HTC Vive [ 55]. Compared

to other continuous locomotion techniques, teleportation-based locomotion enables faster

and more effective movement, lower risk of motion sickness, ease of use for the user, and

ease of implementation [ 56, 57]. However, such teleportation techniques have the drawbacks

of causing spatial disorientation and interrupting presence [ 58], which is not the case with

continuous locomotion techniques. This raises the question of how to select or, in other words,

evaluate locomotion techniques for different purposes.

A number of previous studies provide a systematic literature review of locomotion tech-

niques [ 59]. Many of these studies introduce new VR locomotion techniques and compare

them to well-established and popular locomotion techniques, such as joystick, teleportation,

and walking-in-place. In these studies, assessments such as user experience (usability of the

locomotion technique), sense of presence, motion sickness, and other post-hoc surveys such

as user preferences were usually quanti�ed with questionnaires [ 60, 61]. In addition, some

previous studies have examined the cognitive load of users while they experienced different

3D travel techniques (e.g., real walking, redirected walking, steering, and joystick) using either
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a post-task or dual-task paradigm to measure cognitive load [ 62, 63]. Such an assessment

provides insight into the improvement of VR locomotion techniques and may provide further

inspiration for the development of new techniques.

2.3 Studying Human Behavior in VR Environments based on Eye

Tracking

Human gaze reveals a wealth of information about how we perceive the world. Eye movements

are the voluntary and involuntary movements of the eyes controlled by six extraocular muscles.

Eye movements such as saccade, �xation, and smooth pursuit assist humans in obtaining,

�xating, and tracking visual stimuli [ 64]. Eye tracking has long been used as an intuitive

modality for studying various conscious and unconscious human perception behaviors [ 65],

e.g., visual attention in solving science problems [ 66], visual search [ 67], emotional and

cognitive processes [68], as a modality in various human-computer interaction (HCI) tasks

(e.g, multimedia learning [ 69], web search [70], medical image reading [ 71, 72, 73, 74, 75],

driving [ 76, 77, 78, 79, 80, 81, 82], teaching [ 83], programming [ 84], software development [ 85],

human-robot interaction [ 86, 87, 88]), and in psychology study [ 89]). Especially with the

advances in hardware, various types of fancy eye trackers offer new opportunities and potential

for human behavioral research. In the �eld of HCI, human behavior, which re�ects how people

interact with a system, is extensively studied to provide signi�cant insights for system design:

The more we understand about human behavior, the better we can design HCI interfaces that

meet people's needs [90].

Eye-tracking technology is an excellent tool for investigating human visual perception and

cognitive processing load during interaction tasks [ 91]. For example, it is necessary and im-

portant to investigate human behavior in entertainment applications, as such investigation

provides direct evidence for design improvement [ 92]. In particular, the study of human be-

havior in different educational domains helps to better understand the learning and teaching

process and thus provides profound insights for improving education effectiveness and thus

performance [ 93], such as in computing [ 94], medicine [ 95], mathematics [ 96], linguistics [ 97],

and training [ 98]. In these studies, eye-tracking technology has been applied to reveal human

behavior in terms of visual attention, decision-making processes, and cognitive processing.

Data obtained with eye-tracking technology (e.g., screen-based eye trackers and eye-tracking

glasses) provide important information about users' behavioral patterns, which can inform

how the learning process evolves. From the eye-tracking data, eye movements such as �xation

and saccade can be calculated [ 99, 100, 101], as well as pupil diameter, which is often con-

sidered also an indicator of cognitive load [ 91]. Fixations are periods of time when the gaze

is maintained in a single location, whereas saccades are the rapid shift of the eye from one

�xation to another. Scanpaths are the combination of �xations and saccades [ 102, 103, 104].

On this basis, various eye-tracking measures can be conceptualized in different approaches,

usually on three scales, i.e., temporal (e.g., �xation duration and saccade duration), spatial

(i.e., �xation sequence, saccade length, and scanpath pattern), and counting (e.g., number
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of �xations and number of saccades). In previous work, these measures were mostly used to

reveal different human behaviors. For example, �xations have been used to assess the visual

attention allocation of novice programmers during reading source code [ 105]. Scanpaths have

been used to explore students' visual strategies used in reading medical images (e.g., [ 71]), or

in problem solving (e.g., [106]).

2.3.1 Eye Tracking in Virtual Reality

The integration of eye tracking systems into HMDs greatly advances VR research, as it provides

informative data to reveal subconscious human behavior in virtual environments [ 107] and

enables foveated rendering to reduce rendering workload by greatly reducing the image quality

in the peripheral vision [ 108]. With such combined technologies, users' eye gaze data can be

accurately and unobtrusively recorded during the VR experience with an eye tracker seamlessly

built into the HMDs [ 109]. It should be noted that such eye-tracking data collection is not

constrained by head movements. Such a combination breaks the limitations of investigating

human perception and behavior in the virtual world. With the rapid development of VR

technologies, many modern consumer-grade HMDs can support integrated eye tracking,

e.g., HTC Vive Pro Eye and Varjo VR-3. Especially with the increasing popularity of VR in

education and entertainment, easy access to eye-tracking data opens up many possibilities for

VR research, providing profound insights into the design of effective VR applications that can

be used not only as interactive interfaces but also as tools for studying human behavior in VR.

One aspect of the application of eye-tracking technology in VR is that it can serve as a tool

for touchfree human interaction with the virtual environment. Gaze-based interaction in

VR offers several advantages, such as minimized physical effort (e.g., using body movement

for interaction), and easy interaction with distant objects in the virtual environment. This

frees up the hands or body used for interaction with gestures or controllers. Based on the

fovea region traced by the eye tracker inside the HMD, the 3D ray of the gaze vector can be

generated towards the focal point of sight, allowing interaction with the virtual environment.

Researchers have already embarked on this line of research, e.g. [ 110, 111]. Most commonly,

gaze-based interactions are used in VR to point at objects and make selections. For example, in

one comparison, gaze-based interaction was found to be faster than conventional 3D pointing,

especially for distance objects [ 112]. A Gaze + pinch interaction technique that combines eye

and freehand input for 3D interaction in VR has been proposed to provide enhanced effective

interaction in a large virtual environment [ 113]. Several novel eye-gaze-based interaction

techniques were proposed and evaluated [ 114]. In addition to object selection, eye tracking

input was also used for motion control [ 115], VR navigation [ 116], and interaction with virtual

environments such as gaze typing [117].

Another important aspect of eye tracking in VR is providing unique insights into human

perceptual behavior. While immersed in various VR applications designed for different pur-

poses (e.g., as an educational tool, for entertainment, or to explore human behavior), users
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perceive visual scenes with their eyes. This perception of the virtual environment contains

important information about their potential human behaviors. It is important that this in-

formation is obtained in a non-intrusive way without affecting the natural behavior of the

users. Although eye-tracking technology has been used extensively in education to study user

learning behaviors and thus improve education [ 98, 118], the introduction of eye-tracking

in VR for educational purposes is a fairly new topic that has only emerged in recent years.

Many educational researches have used VR as a tool to create an authentic educational virtual

environment that provides users with a more realistic experience (e.g., VR classroom [ 31, 44],

VR lab [119]), however the evaluation methods used in these studies are mostly post-hoc ques-

tionnaires that assess either the effectiveness of VR systems or students' learning behaviors

and performance. The lack of analysis of eye tracking data in VR is due to some technical

limitations. Compared to traditional eye-tracking in the real world, which use 2D screen-based

stimuli, 3D stimuli are presented on 2D screen lenses in VR HMDs only a few centimeters in

front of the users' eye and the users can freely move their head. This makes eye tracking in VR

challenging.

Advanced VR headsets with integrated eye trackers have solved the eye tracking challenge

by providing original sensor data of the eyes. However, research on identifying eye movements

(e.g., �xations, saccades, etc), which are commonly used to reveal various human perceptual

behaviors in virtual contexts, is still at an early stages. Unlike eye trackers used for 2D stimuli

in real world, for which there are professional data analysis tools for business use (e.g., To-

bii Pro Lab [ 120]), there is no standard method or software for analyzing eye-tracking data

collected in VR. In particular, due to the more complex eye-head coordination patterns, the

�ne-grained methods developed for monitor-based eye-tracking with 2D stimuli are no longer

applicable. Some previous works have attempted to �ll this research gap by proposing propri-

etary identi�cation algorithms based on already established algorithms (e.g., I-VT: velocity

threshold identi�cation; I-DT: dispersion threshold identi�cation; [ 121]) used for 2D stimuli.

For example, a two-stage pipeline for the detection of �xations and saccades (in the �rst stage)

and of more complex but not very frequently used eye movements (e.g., smooth pursuits,

Vestibulo-ocular re�ex; in the second stage) was proposed for eye tracking data collected

in a 360-degree video context [ 122]. This detection method is based on the I-VT algorithm

considering head movement. In another work [ 123], a �xation detection algorithm based

on the I-DT algorithm was adapted to VR, with validation of the thresholds used. In [ 124], a

modi�ed hybrid I-VDT (velocity- & dispersion-threshold identi�cation algorithm) was pro-

posed for �xation and saccade detection, with optimal parameters tuned to achieve the best

performance. These proposed algorithms have greatly facilitated and increased con�dence

in the study of human behavior in VR using eye-tracking [ 125]. Other methods known from

eye-tracking research, such as bayesian identi�cation of eye movements [ 101], a rule-based

machine learning method [ 126], and gazeNet with deep neural networks [ 127], have not yet

found their application and adaptation to eye movement detection in VR.
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2.3.2 Eye Tracking with Machine Learning

Eye tracking has been used extensively to uncover users' visual attention in human-computer

interaction tasks, providing insights into a wide variety of subconscious human behaviors,

such as visual perceptual patterns [ 71, 103, 104], cognitive processing load [ 128, 74], and

visual search dynamics [ 129]. Eye tracking combined with machine learning techniques

offers more opportunities to study various aspects of human behavior in which gaze plays

a role, including but not limited to human personality traits [ 130, 131], gender [132, 133],

intelligence [ 134], skills and abilities [ 71, 73, 135], learning gains [ 136], task performance in

driving [ 82, 79, 137, 138], etc. Eye-tracking data with timing information contain patterns

of how people visually perceive the stimuli throughout the task. Visual patterns are usually

post-experimentally extracted as various eye-tracking measures, e.g., �xations, saccades,

blinks, scanpaths, and attention heatmaps, which are interpreted as various human behaviors.

However, these patterns are usually considered separately and examined either in an average

manner or in speci�c time windows when speci�c stimuli are presented. In this way, the gaze

patterns in the eye-tracking data, re�ected in different eye movements, are not considered

collectively, although they would provide potential insight into a deeper understanding of

human behavior.

Machine learning is the perfect solution for such multimodal data analysis, where hidden

patterns or data groupings are automatically discovered from large volumes of data. Initially,

�rst machine learning algorithms employed in the eye-tracking domain were related to improv-

ing the robustness of the eye-tracking signal, such as methods for high-quality pupil detection

(e.g., [139, 140, 141, 142]), slippage compensation (e.g., [ 143, 144]), or eye-movement recogni-

tion (e.g., [ 145, 146]). Beyond this technical contributions, there are several ways to integrate

multimodal eye-tracking data into machine learning model at the behavioral level. One way

is to build machine learning models based on unprocessed original sensor data, such as raw

gaze positions and gaze velocities [ 136]. In a data-driven approach based on state-of-the-art

black-box models, a larger data set can typically contribute to better model performance,

e.g., using original sensor data as features. However, this comes at the price of low model

interpretation. When using eye tracking, understanding human behavior is usually the �rst

goal. Therefore, even when combining eye tracking with machine learning, it is very important

to provide interpretable �ndings. For this purpose, interpretable eye-tracking features have be

extracted for machine learning models, providing thus deep insights into human behavior.

This is also what previous works have done. Statistical metrics (e.g., mean, minimum, maxi-

mum, and sum) of eye tracking measurements are typically extracted from time series data as

features [130, 147, 134, 148]. To explain the machine learning model outputs, often post-hoc

explanation models are applied, e.g., [ 149]. Such model explanation offers several advantages

for eye-tracking studies. First, it reveals which features are informative and which are not

in the model for a speci�c prediction task. Understanding the contribution of eye-tracking

features to the models can not only increase con�dence in the validity of the models, but

also provide clues for improving model performance by knowing exactly what to �ne-tune

and optimize. In addition, the model explainability approach uncovers the underlying re-

15



2. Introduction

lationships between eye movements and model targets. This provides further insights into

understanding underlying human behaviors during tasks. In particular, VR technologies that

enable the acquisition of eye-tracking data in combination with machine learning techniques

and the model explainability approach offer a new avenue for deeper understanding of human

behavior during various VR activities, such as in education and entertainment. This will

greatly facilitate the development of more effective VR applications and promote VR as an

outstanding tool for studying human behavior.

Overall, this chapter provided a discussion of current work on studies of VR-based environ-

ments applied in two signi�cant domains, education and entertainment, and the limitations

of studying human behavior using eye-tracking in such VR contexts. This provides the back-

ground and foundation for the comprehensive investigation of various human behaviors in

such VR environments using eye-tracking technology (i.e., collection of eye-tracking data and

detection and analysis of pupil and eye-movement events) and machine learning methods,

which are presented in 6 papers in Chapter 3.
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This chapter provided a summary of the main contributions of this dissertation, based on

several papers published in prestigious conferences and journals. A deep understanding of

human behaviors through the use of multimodal eye-tracking data in various VR contexts,

including VR in education and VR in entertainment, was provided based on several user

studies. The main contributions and results are presented below. The relevant publications

are listed in Chapter 1.

3.1 Human Behavior in IVR Classrooms

3.1.1 Student Gaze Behavior in IVR Classrooms with Different Con�gurations

Hong Gao , Efe Bozkir, Lisa Hasenbein, Jens-Uwe Hahn, Richard Göllner, and Enkelejda Kas-

neci. Digital transformations of classrooms in virtual reality. In Proceedings of the 2021 CHI

Conference on Human Factors in Computing Systems (CHI'21) .

Motivation

With the development of advanced consumer-grade HMDs and computer graphics, VR is

increasingly being applied in education to provide users with a more immersive and authentic

distance or of�ine learning experience. Largely due to the COVID-19 pandemic, many univer-

sities and schools have switched to online teaching and are using various VR applications such

as Mozilla Hubs [ 150]. VR holds great potential for facilitating education by providing learners

with a more �exible and immersive learning experience at a low cost: no physical distance con-

straints, no need for time synchronization with other learners or instructors, high immersion

and authenticity. Among the various types of VR-based educational applications, immersive

VR (IVR) classrooms, which mimic traditional classroom environments and enable authentic

social interactions and engagement, play an important role in VR education, especially in

K-12 education. Compared to other VR learning systems, VR classrooms provide learners with

a more immersive learning experience because they not only offer an authentic classroom
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environment, but also provide accompaniment of virtual instructors and peer learners, which

in turn may positively impact learning outcomes. This leads to the research question of how

to design an immersive and effective VR classroom.

Several key aspects can be important and need to be considered when designing an IVR

classroom, such as the seating arrangement and seating position of learners in the VR class-

room, the visualization style of social counterparts including virtual peer learners and the

virtual instructor, and the accompaniment of peer learners. These factors are important for

several reasons. First, educational psychology research has repeatedly demonstrated that

peer learners (classmates) substantially shape student learning [ 151], especially peer learners'

hand-raising behavior to ask or answer questions during class [ 40]. Second, as the Uncanny

Valley effect explains [ 152], more human-like avatars are not always conducive to making

virtual avatars palatable to users. Lastly, where learners sit in the classroom also matters, as

it affects learner motivation and learning outcomes [ 153]. When learners are immersed in

such IVR classrooms with different con�gurations, their behavior is what we are interested

in. Therefore, the main motivation of this paper is to investigate how the various factors

mentioned above for IVR classroom design affect learners' behaviors as seen through eye

movements. Learners' perception of the con�gured IVR classroom can provide insight into the

improvement of speci�c design features, and such perceptual behavior can be demonstrated

as visual attention, visual search, and cognitive processing behavior, which can be measured

with various eye-tracking features (e.g., �xation, saccade, pupil diameter). With modern VR

headsets equipped with eye trackers, learners' behavioral data can be easily tracked, i.e., head

movements, pupil size, and gaze vectors, and eye movements can be extracted from these

sensor data. In this way, learners' visual perceptual and cognitive behaviors can be determined

during immersion in the IVR classroom.

Methods

To investigate the effects of classroom con�guration on learners, an IVR classroom was created

considering three design features, namely, learners' seating position in the IVR classroom

(front row vs. back row), the visualization style of avatar peer learners and the teacher (cartoon

vs. realistic), and performance level of virtual peer learners (20%, 35%, 65%, or 80% of virtual

peer learners with preprogrammed hand-raising behaviors). A user study was conducted in a

between-subjects design that included a total of 2 £ 2£ 4 different conditions. 381 sixth-grade

students participated in our study by listening to a virtual lesson delivered by a virtual teacher

in an IVR classroom. Participants' raw head-tracking and eye-tracking data were recorded.

Due to noisy sensor readings and blinking behavior, we smoothed [ 154] and normalized [ 155]

the pupil diameter following the standard pipeline.

A modi�ed velocity-threshold identi�cation (I-VT) algorithm applied to the VR context that

takes head movement into account [ 122] was applied in our study to extract eye movement

features, with parameters adapted to our study. Several variables related to �xation, saccade,

and pupil diameter were calculated. A full-factorial ANOVA was applied to compare all eye-
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Figure 3.1: Immersive VR classroom for students developing computational thinking skills.

tracking variables between conditions. The Aligned Rank Transform (ART) [ 156] ANOVA was

used as a nonparametric factorial ANOVA. The Tukey-Kramer test was used as a post-hoc

test. The signi�cance level was set at ® Æ0.05 for all tests. The overview of the designed IVR

classroom is shown in Figure 3.1.

Main Results

Variables including the number of �xations, �xation and saccade duration, saccade amplitude,

and pupil diameter were compared between conditions.

The results showed that students' seating position in the IVR classroom had signi�cant

effects on their visual attention and visual search behavior, as indicated by the �xation and

saccade metrics. Compared to students seated in the front row of the classroom, students

seated in the back row had statistically signi�cant longer �xation durations, shorter saccade

durations, and shorter saccade amplitudes. This suggests that students sitting in the back row

had signi�cantly longer information processing time and shorter visual search behavior. When

students were seated in the back row, they had a wider view of the classroom and therefore

were able to perceive more visual information (especially virtual peer learners) with fewer

visual search activities.

The visualization style of virtual persons in the IVR classroom was found to have signi�cant

effects on students' visual behavior as well as cognitive load as indicated by the metrics related

to �xation, saccade, and pupil diameter. Students in the realistic condition, in which all virtual

persons were visualized with a realistic avatar style, had signi�cantly shorter �xation duration,

longer saccade duration, and larger pupil diameter than students in the cartoon condition.

This suggests that students in the cartoon condition had longer visual processing time for the

cartoon-style avatars, shorter visual search activities, and yet lower cognitive processing load.

Compared to the other two design factors, the performance level of peer learners (i.e., the

percentage of virtual peer learners raising their hands) had signi�cant effects on students, but

to a less degree. Results showed that students had a signi�cantly larger mean pupil diameter

when they were immersed in a VR classroom with 80% of virtual peer learners raising their
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hands than in the 35% condition. This suggests that students had a higher cognitive load when

they perceived more hand-raising information than when they perceived less hand-raising

information. In addition, the results showed that students had signi�cantly more �xations in

the 65% condition than in the 80% condition. Overall, these results offer profound implications

for designing an effective VR classroom using eye movement information.

3.1.2 Effects of Avatar Animations on Students' Visual Attention and Cognitive
Behavior

Hong Gao , Lisa Hasenbein, Efe Bozkir, Richard Göllner, and Enkelejda Kasneci. Evaluating

the Effects of Virtual Human Animation on Students in an Immersive VR Classroom Using

Eye Movements. In Proceedings of the 28th ACM Symposium on Virtual Reality Software and

Technology (VRST'22).

Motivation

VR classrooms that mimic traditional classroom environments provide learners with authen-

tic learning experiences that further increase learner motivation, persistence, and interest,

ultimately leading to better learning outcomes. To achieve an interactive and effective VR

system, one of the key factors is the implementation of virtual avatars (e.g., the virtual teacher

and, most importantly, virtual peer learners) that exhibit social interaction behaviors nor-

mally occurring in real classrooms. However, the current VR classrooms typically provide

preprogrammed but limited social-interactive information from the virtual teacher or virtual

peer learners. The effects of these animated avatars on learners' behavior, especially on learn-

ers' cognitive and visual attention behaviors, have rarely been studied, although this is very

important for the design of virtual animated avatars in VR scenarios. First, it is important

to know that the implemented animated avatars actually have an impact on learners, i.e.,

learners are expected to have perceived such avatar animations while immersed in VR, thus

achieving the goal of increasing immersion and authenticity. Second, these effects of animated

avatars should be moderate, i.e., learners' attention would not be diverted too much from the

instructional content to the animated avatars, and their cognitive load would not be affected

too much. To address this research gap, an IVR classroom was created with preprogrammed

animated virtual avatars exhibiting interactive social behaviors that can increase immersion

and authenticity. This study aims to investigate in depth how learners respond cognitively and

visually to the animated avatars, especially to the most salient avatar animations, i.e., peer

learners' hand-raising behavior.

Methods

The virtual avatars in the IVR classroom were preprogrammed with interactive social anima-

tions. These animations were created based on motion capture from real classrooms and

20



3.1. Human Behavior in IVR Classrooms

Figure 3.2: The animated virtual teacher and virtual peer learners in the IVR classroom.

therefore authentically mimic physical movements similar to those of real people in real

classrooms. The virtual teacher walks around the podium while delivering a virtual lecture,

proposes questions, and calls on the virtual peer learners with body gestures (e.g., hand ges-

tures). The virtual peer learners turn around, think, and interact with the virtual teacher by

raising their hands to answer questions. The avatar animations are shown in Figure 3.2.

Since the main objective of this study is to investigate the effects of the social interaction

animations between the virtual teacher and the peer learners (i.e., the virtual peer learners'

hand-raising behavior) on the students' cognitive responses and visual attention behaviors,

the students' eye movements and pupil measurements before and after the hand-raising were

mainly analyzed. Students' gaze behavior was examined in time windows of 2 .5s before and

after the hand-raising animation. Dependent variables including pupil diameter, �xation,

saccade, dwell time, and the number of virtual peers on which students �xated, were extracted.

First, to examine the effects of peer learners' hand-raising behavior on students, t-tests were

conducted to compare these dependent variables before and after hand-raising animation.

Second, whether the effects of hand-raising animation on students were related to the amount

of hand-raising (20%, 35%, 65%, and 80%) was examined. The magnitude of these effects in the

four hand-raising conditions was compared. That is, the change values of the above dependent

variables before and after the hand-raising animation were calculated as new variables for

comparison. Data collected in Section 3.1.1 were used, and detailed data processing and

detection of eye movement events are described in the Methods of Section 3.1.1.

Main Results

It was found that the avatar animations (i.e., the virtual peer learners' hand-raising behavior)

signi�cantly affected students' cognitive load, as indicated by pupil diameter. Students ex-

hibited a signi�cantly larger mean normalized pupil diameter after perceiving hand-raising

animations than before the animation. Furthermore, the results showed that the increase

in cognitive load caused by hand-raising animation differed signi�cantly between different

hand-raising conditions. The increase in pupil diameter was signi�cantly greater in the 80%

condition than in the other three hand-raising conditions (20%, 35%, 65%).
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