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Abstract

Due to recent technological innovations, virtual reality (VR) has become a promising tech-

nology for systematically investigating learning in more authentic scenarios while simul-

taneously providing a controllable experimental setting. When bridging the gap between

standardized lab experiments and real-life phenomena, eye tracking can be a rich source

of information. Eye tracking can be instrumental for assessing information processing and

learning in VR, and analyzing visual attention through eye tracking can provide valuable

insights for creating effective virtual learning environments.

However, investigating eye tracking in 3D environments also poses some challenges, in-

cluding integrating head movement, acquiring gaze target information, and interpreting

eye movements in relation to information processing and learning. This thesis addresses

some of these challenges by proposing methodological and analytical solutions, including

reliable measures of pupil diameter, gaze-ray casting, network analysis, gaze entropy, and

machine-learning models. These approaches are used to measure information processing

and learning through eye-tracking and explore the potential for modeling eye movements

and visual attention.

First, two standardized virtual experiments focus on processing and encoding information

with 3D objects and measuring reliable pupil diameter baselines in VR. Second, the visual

attention distribution in a virtual classroom is analyzed to understand the effects of the

classroom environment and different teaching events on the students. In the last step, gaze-

based attention networks are utilized to study the effect of social-related behavior on visual

attention and learning in VR classrooms.

This work contributes to expanding knowledge of VR research in education science and

explores the possibilities of eye-tracking analysis in VR. The findings aim to offer insights into

information processing and learning in virtual environments and contribute to developing

effective virtual learning environments.
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Zusammenfassung

Dank neuesten technologischen Innovationen sind virtuelle Realitäten (VR) zu einer vielver-

sprechenden Technologie geworden, um das Lernen in authentischeren Szenarien systema-

tisch zu untersuchen und gleichzeitig eine kontrollierbare Versuchsumgebung zu schaffen.

Um die Lücke zwischen standardisierten Laborexperimenten und realen Phänomenen zu

schließen, kann Eye Tracking eine reichhaltige Informationsquelle sein. Die Analyse der vi-

suellen Aufmerksamkeit durch Eye Tracking kann wertvolle Erkenntnisse für die Konzeption

effektiver virtueller Lernumgebungen liefern.

Die Analyse von Eye Tracking in 3D-Umgebungen birgt jedoch auch einige Herausforderun-

gen, darunter die Integration von Kopfbewegungen, die Erfassung von Gaze-Target Informa-

tionen und die Interpretation von Augenbewegungen in Bezug auf Informationsverarbeitung

und Lernen. Diese Dissertation befasst sich mit einigen dieser Herausforderungen und

schlägt methodische und analytische Lösungen vor, die eine zuverlässige Messung des

Pupillendurchmessers, Gaze-Ray Casting, Netzwerkanalyse, Gaze Entropy und maschinelle

Lernmodelle umfassen. Diese Ansätze werden zur Messung der Informationsverarbeitung

und des Lernens durch Eye-Tracking genutzt und zeigen ein Potenzial für die Modellierung

von Augenbewegungen und visueller Aufmerksamkeit.

Zuerst konzentrieren sich zwei standardisierte virtuelle Experimente auf die Verarbeitung

und Kodierung von Informationen mit 3D-Objekten und die Messung reliabler Baselines

für Pupillendurchmesser in VR. Zweitens wird die Verteilung der visuellen Aufmerksamkeit

im virtuellen Klassenzimmer analysiert, um die Auswirkungen des Klassenraums und ver-

schiedener Lehrszenarien auf die Schülerinnen und Schüler zu verstehen. Im letzten Schritt

werden Gaze-based Attention Networks eingesetzt, um den Effekt von sozialem Verhalten auf

die visuelle Aufmerksamkeit und das Lernen im virtuellen Klassenzimmer zu untersuchen.

Diese Arbeit trägt zur Erweiterung des Wissens von VR-Forschung in der Bildungsforschung

bei und erforscht die Möglichkeiten der Eye-Tracking-Analyse in VR. Die Ergebnisse sollen

Einblicke in die Informationsverarbeitung und das Lernen in virtuellen Umgebungen bieten

und zur Entwicklung effektiver virtueller Lernumgebungen beitragen.
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2. Introduction

Due to recent technological innovations, Virtual Reality (VR) celebrated a rebirth in the

consumer market with immersive, head-mounted VR devices at affordable prices [10]. The

elevated level of immersion allows individuals to detach from their actual surroundings

and fully submerge into the virtual environment [10]. Consequently, VR is becoming an

increasingly relevant technology for educational practice [11] and enables the investigation

of scienti�c questions in education science and psychology [12]–[15]. It unlocks the possi-

bility of investigating participants' behavior in more authentic scenarios than provided by

conventional lab experiments, and it bridges the gap between results from standardized lab

experiments and real-life phenomena in the world that researchers are keen to understand.

More precisely, VR enhances ecological validity while concurrently providing a standardized

and controlled experimental setting [16]–[18]. This unique combination also raises the inter-

est of VR for education science [19], [20] and opens up the question of the effective utilization

of VR learning environments for research and practice [21]–[28].

Effectiveness in virtual learning environments can be viewed from different perspectives.

VR can be an effective training environment that simulates a real-life learning situation [29].

It can be an effective learning environment in which students learn speci�c concepts and

skills [30] that are more dif�cult to acquire in other learning environments [31]–[33]. However,

effectiveness can also be understood in terms of intuitive access to learning environments

in which students demonstrate authentic behavior without additional or less effort [1], [4],

[7], [34]–[37]. At the same time, an effective learning environment can also be one in which

learning behavior can be analyzed and monitored ef�ciently [5], [38]–[40] and which is

particularly suitable for psychological testing [2], [41]–[45].

To approach the topic of the effectiveness of virtual learning environments, a focus should

be placed on the essential functions of VR, which create a unique virtual experience. The

VR experience encompasses aspects of perception, learning, and social cognition, for which

speci�c technical developments form the foundation. First, VR creates the perception of a

3D space by simulating binocular disparity and motion parallax as two prominent depth

3



2. Introduction

Figure 1.: Connected concepts and framework of this thesis

cues [46], [47]. Second, recent advances in animation and scene rendering allow us to

create dynamic VR environments that give the user a feeling of immersion and presence

[48]. Because these environments are made with 3D game engines, users can freely move

around and explore the scene, which gives them a feeling of space [49]–[51]. Developments

like motion capture enable the creation of a lively virtual environment with virtual characters

that evoke a sense of social presence [52], [53].

These possibilities of designing an immersive VR environment simultaneously lead to

a trade-off between experimental rigor and ecological validity [54]. A greater degree of

freedom for the participants in a VR experiment can be assumed to lead to more diverse

individual behavior. To investigate the behavioral differences of the participants, further

measurement methods must be used to collect data in the process. This process data can

describe, predict, and explain human behavior in virtual environments and allow researchers

to draw conclusions about cognitive processes [55]. In this context, eye tracking can be a rich

source of information for investigating information processing and learning. Eye tracking in

VR is a non-invasive assessment method [56] that can provide valuable information without

disrupting the virtual experience. Eye-tracking data can be used to capture and analyze

participants' visual attention, which allows for an objective assessment of their activities

and abilities [57] and provides insight into cognitive processes associated with the learning

experience [58].

While many affordable VR Head-Mounted Display (HMD) on the consumer market come

with integrated eye trackers, valuable analysis of eye-tracking data in VR environments is
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2.1. Virtual Reality Learning Environments

challenging [59], [60]. The limited spatial accuracy, precision, and low temporal resolution

do not allow for the analysis of all types of eye movement and area of interest information.

Further, free head movement imposes a challenge when detecting �xations, while motion

and lightning in the scene require additional methods to obtain reliable measures of gaze

targets and pupil diameter. Since visual attention is also highly context- and environment-

dependent [61], [62], previous �ndings on interpreting patterns and distributions of visual

attention need further evaluation in new virtual settings. At the same time, these challenges

make it possible to break new ground in eye-tracking analysis and explore new methods for

modeling visual attention in virtual environments.

In the following sections, a more detailed motivation for the scienti�c contributions of this

thesis is provided. Section 2.1 elaborates on using VR in education science and introduces

speci�c learning environments like the virtual classroom. It describes the technical and

theoretical foundations of the virtual experience to understand what constitutes learning in

VR. Section 2.2 focuses on the theoretical foundation of information processing and learning,

motivating the importance of visual attention for learning and introducing the link to eye-

tracking analysis. Given that VR imposes some challenges regarding analyzing eye-tracking

data, Section 2.3 explains the basic concepts of VR eye-tracking and motivates the methods

used to model eye movements and visual attention in this thesis. A visualization of the

connected concepts and a framework thesis is depicted in Figure 1.

2.1. Virtual Reality Learning Environments

In recent decades, more and more studies have used VR in psychology and education science

[26]. VR has been extensively utilized to study teacher education and training [21], [30],

learning across all age groups from preschool to higher education [27], [63], domain-speci�c

learning [20], [23], [64], learning impairments [12] or pedagogy [28]. Thereby, different

virtual learning environments were employed, with the virtual classroom being a prominent

example [43], [65]–[67].

VR depends on some technical basics that affect our perception when using these devices.

These technical basics need to be considered if we want to understand the challenges of

analyzing eye tracking in VR and formulate implications for information processing and

learning. The term virtual reality typically refers to the technology where users wear an

HMD headset, in which images are projected in real-time on stereoscopic displays [68]. An

HMD occludes all visual information from the real world and enables users to submerge
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2. Introduction

into a virtual world [19], [69], which is referred to as immersive VR [32]. In contrast to mixed

or augmented reality, VR usually refers to creating an arti�cial environment that provides

no real-time combination of the physical and the virtual world [70]. Sometimes VR is also

de�ned as the virtual environment itself [69], where users can experience a reality simulation

that is perceived as "almost real" [12]. In this thesis, the term VR always refers to an immersive

virtual reality experience with an HMD.

Two main technical basics are utilized to create the perception of depth in the virtual space.

First, the stereoscopic displays in an HMD generate a perception of stereoscopic depth [68].

This is produced by a slight displaying offset that aligns with the binocular disparity of the eyes

[47] and contributes to identifying spatial relations in 3D spaces. Second, the position and

rotation of the HMD in space are tracked. Users receive feedback on their head movements

by constantly updating the displays to re�ect the user's expected motion parallax in 3D spaces

[10], [47]. The possibility of perspective and location changes create sensory-motoric and

spatial immersion [71]. It enables users to perceive the three-dimensional structure of objects

and provides them with a sense of place [47]. This is particularly important, as the perception

and manipulation of 3D objects improve their recognition and recall [72]. However, there is

still a lack of understanding of the effects of stimulus depth on visual behavior and experience

in virtual environments [73].

Additionally, immersive VR allows for free locomotion. Walking around freely in VR is only

possible if the environment is designed and created as a 3D environment. In contrast to 360 °

videos [74], which only show a video, VR simulations are created by game engines [16], [75],

which allow for 3D rendering of a virtual space. This gives the user the feeling of being placed

in a true-to-perspective 3D environment in which places and objects have a spatial position

and relation to each other [75]. This makes VR a valuable tool to study and assess cognitive

processes [76] and visuospatial abilities during the perception of 3D objects [77].

The two key concepts describing a VR virtual experience are immersion and presence [12].

The concept of immersion can be understood in different ways. From a technical perspective,

immersion refers to an "inclusive, extensive, surrounding and vivid illusion of reality" [78]

(p.3). From the users' perspective, immersion can also be de�ned as a psychological state

characterized by perceiving oneself to be surrounded by and interacting with the virtual

environment [78]. The latter de�nition also allows different levels of immersion to be distin-

guished. The more a person is immersed in the virtual world, the higher the perceived level

of immersion [48].

Presence in a virtual environment can be understood as the subjective experience and
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illusion of being there in a virtual place, referred to as spatial presence [49], [79]. Presence is

a key element affecting participants' cognition and learning in VR [80]. Realism is another

aspect of presence that describes the experience of plausibility for events occurring in VR.

This is closely linked to social presence, which considers the plausibility of social interaction

in VR and gives the users the feeling of the social presence of another person [81]. The social

information processing theory [82] highlights the manifold ways of social behavior in virtual

learning spaces, which also includes social interaction with animated None-Player Characters

[49], [83]. Because we are social animals [84], small social cues of animated characters can

already generate social responses, even though we are aware that the characters are not real

[49]. The combination of behavioral realism and perceived agency of the virtual social agents

can in�uence individuals' social comparison [9], [39], social understanding and conformity

[85], [86], as well as performance in the presence of virtual social characters [87]–[89]. Using

VR to study social-related behavior is especially appealing because researchers can retain

experimental control while investigating complex social situations [52].

Although VR allows us to immerse ourselves in other worlds [24], exploring everyday activi-

ties can contribute to understanding learning and social comparison [39]. The classroom,

for example, is the central learning environment for students, which contributes to their

emotional, cognitive, and academic development through social interaction and social rela-

tionships between its participants [90]. For this reason, the virtual classroom is a frequently

investigated virtual environment [26], [65]. It serves as an environment to study students'

attention [91]–[93], attention disorder [76], [94] and cognitive performance [67], [95]–[97].

Classroom design aspects [37], [43], [66], [98], classroom climate [99], teaching [64] and

teacher expertise [8] are further aspects that have been investigated in virtual classrooms.

The different studies show that VR provides high ecological validity to assess learning in

various situations [26], [100]. However, VR research is also inconclusive when it comes to

the effectiveness of learning in VR [32], [74], [101], [102]. Some studies treat VR as a black

box, with learning in VR only assessed after the experiment through questionnaires. To

investigate the learning behavior of the participants during the VR experience, physiological

process measures should be traced [55]. Analyzing participants' eye movements and visual

attention might be the most straightforward approach, given that some VR devices come

with integrated eye trackers, and analyzing eye-tracking data can reveal information about

participants' information processing and learning [62].
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2.2. Assessment of Information Processing and Learning

Since learning is a fundamental part of being human, many different perspectives, concepts,

and theories exist. In this thesis, we look at learning from the perspective of information

processing [103]. As part of the cognitive learning theories, information processing focuses

on the internal mental processes and how humans encode, store, and retrieve information

during learning. Therefore, perception, memory, and knowledge acquisition are integral to

this theory. Through the lenses of information processing, the idea of internal representa-

tions helps explain how we process information. Representations refer to internal cognitive

mechanisms that represent all our knowledge about the world inside our minds[103], [104].

Our activities and abilities emerge as the interaction of internal representations and the

world around us [105]. Although this includes the processing of all sensory information,

visual information processing plays a particularly important role.

Since vision is our primary sense, humans' eyes are a rich source of information when

studying information processing [106]. Visual attention can provide insight into information

encoding, visual strategies, or social comparison processes. Certain paradigms guide the

research on visual attention.

First, visual attention can be de�ned as a selective process that describes allocating limited

attentional resources to speci�c information in the visual �eld while ignoring other informa-

tion [107]. In the concept of a spotlight, visual attention acts as a gatekeeper for visual working

memory [108], [109]. This selective mechanism is necessary due to the limited capacity of

processing visual information [110] and the competition with other sensory information

[111]. Thus, attention and learning have a codependent relationship whereby attention

acts as a selective mechanism that facilitates the learning process [112]. This connection

between visual attention and knowledge acquisition also becomes evident when looking

at the anatomy of the eye. Due to the foveal system of the eye, the highest visual acuity is

limited to a small central area of the retina [113], [114].

Second, visual attention can manifest as overt when it aligns with an individual's eye move-

ment toward a speci�c location. This means that an individual's focus of attention coincides

with their eye �xation [56]. Lab experiments showed that recall and memory are better for

longer �xated objects during scene perception, further establishing the link between visual

attention and knowledge acquisition [115]. According to the eye-mind hypothesis, there is

temporal alignment between what is �xated and what is processed in the brain. Lab experi-

ments have shown that the duration of �xations re�ects perceptual intake and processing
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[116], [117].

Third, visual attention can be separated into two categories, top-down and bottom-up

visual attention [118]. While bottom-up visual attention is guided by salient visual stimuli

appearing in the surrounding [118], experiments like the Yarbus task [119] have strongly

emphasized the role of top-down attention. Different �xation patterns for different task

instructions on the same stimuli indicated that humans show voluntary eye movements

towards locations important for them [119], [120]. This leads to the assumption that humans

have partial control of their own learning and can process information meaningfully.

Last, another aspect of information processing is cognitive load [121]. The cognitive load

theory assumes that the capacity of the working memory is limited and strained differently

during learning. Among other measurements, the contraction and dilation of the pupil

serve as an indicator of cognitive load or arousal, which can affect the working memory and

therefore learning in educational environments [122]–[128]. Generally, a higher cognitive

load is associated with an increased pupil diameter [115].

Eye tracking is a non-invasive physiological measurement method that can capture human

eye movements to measure visual attention [115]. The utility of this method is that their raw

variables (e.g., gaze direction) can be extrapolated to constructs associated with information

processing and learning [75]. Eye movement features can be calculated to investigate cog-

nitive processes during reading [116], [129], (spatial) problem-solving [130]–[133] or scene

perception [129], [134], [135]. Besides the study of individual eye movement features, visual

scanning patterns and gaze transition information can be used to study individual differences

in various tasks [136]–[143] as well as the joint attention of multiple individuals [144]. Further,

gaze-based networks can be applied to study individual differences in visual perception

[145]–[147] and collaboration behavior [148]–[150].

As a consequence, information acquired by eye-tracking is broadly applied in �elds like

cognitive science [75], psychology [135], [151] and human-computer interaction [152]. In

the �eld of education science, visual attention measured by eye tracking is used in manifold

ways to study attention and learning [62], [130], [153]–[157]. Eye tracking also indicates

social components of visual attention [84], [158] and social interactions [144], [159]. Further,

eye tracking is employed to obtain a reliable measurement of cognitive load to investigate

aspects of task dif�culty, the design of learning materials, or the assessment of individual

competencies [35], [57], [112], [160]–[167].

Given the variety of eye-tracking applications for investigating information processing and

learning, it is promising to apply this method in virtual realities. However, there are some
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2. Introduction

challenges when analyzing eye-tracking data in VR.

2.3. Eye Tracking in Virtual Reality

Implementation and application of eye tracking in VR are considered to be different from

other eye-tracking methods [75]. Presumably, due to the relatively recent development of

integrated eye-tracking systems in VR headsets, there are still few standard software solutions

available to obtain processed eye-tracking data and calculated eye movement features [73].

This requires researchers to develop their own solutions for data collection and processing.

Before tapping into the challenges of processing and analyzing eye-tracking data in VR, the

technical basics of eye-tracking in VR should be described.

The HMD used in all studies of this thesis was the HTC VIVE Pro Eye [168], where each of

the binocular displays provided a resolution of 1440 x1600 pixels per eye with a 110° Field of

View (FOV) and a refresh rate of 90 Hertz (Hz). All data was collected via the integrated Tobii

eye tracker. Although this setup represented state-of-the-art technology in the �eld of VR eye

tracking, there were also some limitations in terms of technical capabilities. According to

company speci�cations, this eye tracker has a trackable FOV of 110 °, a self-reported accuracy

of 0.5°- 1.1° within the 20 ° FOV [168], and a 5-point eye-tracking calibration. However, studies

about the accuracy and precision of this eye tracker reported a lower accuracy, especially

in the periphery of the visual �eld, and an in�uence of head movement on the precision

of the eye tracker [169], [170]. Further, this eye tracker provided a frame rate of 120 Hz,

which corresponds to one data point roughly every 8 .3 millisecond. In comparison, remote

eye trackers like the EyeLink1000 [171] provide a frame rate of 2000 Hz. However, when

combining the eye-tracking data with information gathered in the VR environment (e.g.,

head movement), the temporal resolution is bound to the frame rate of the VR environment.

Because the frame rate of the VR environment depends on the complexity of the rendered

scene, the movement of the participants, and the performance of the computer, this can

reduce the frame rate to even below 50 Hz (one data point every 20 millisecond) [58].

The accuracy, precision, and temporal resolution of VR eye trackers limit the possibility of

eye-tracking analysis and do not allow the calculation of low amplitude eye movements such

as microsaccades [58] or saccade duration [172]. However, some eye movement features have

been applied in VR eye-tracking experiments [58]. For example, pupil diameter has been

measured to indicate cognitive load in different virtual learning scenarios [173]. Fixation- and

saccade-related features have been analyzed in VR to measure attention, cognitive state, and
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emotional response [174]. The free head movement of participants adds another layer of com-

plexity when analyzing eye tracking in VR. Algorithms for �xation detection need adjustments

to incorporate head movement [58], [175]. This means that the meaningful interpretation of

eye tracking in VR is always a combination of eye and head-related features. Furthermore, to

account for the non-linear relationship between these features, machine learning algorithms

and explainability approaches can provide additional support in interpreting the results

[176]–[178].

Another important aspect is that the gaze direction in the virtual environment is calculated

as a combination of the local gaze direction recorded by the integrated eye tracker and

the head position and rotation of the HMD in the virtual space. The gaze target location

can then be obtained by using gaze-ray casting [179]. While there are already proposed

software solutions implemented within Unity, there is no such solution for the Unreal Engine

[75]. The gaze-ray casting method allows one to obtain information about the Object of

Interest (OOI), which is similar to an Area of Interest (AOI), the object the gaze is targeting.

A ray that represents the participant's gaze is cast into the virtual environment and collides

with a 3D object in the environment, the so-called gaze target. With this method, one can

analyze the gaze duration for speci�c OOIs and the gaze transitions between the objects.

Such information has, for example, been studied to indicate visual attention during learning

tasks to distinguish expertise levels [180]. One advantage of analyzing gaze transitions in

VR is that one doesn't have to calculate �xations. Gaze transitions between objects and OOI

duration can be directly obtained by the gaze ray-casting methods. For example, transition

information between AOIs was used to calculate gaze distribution measures like gaze entropy

[157], [181]. The same concept can be translated into VR eye tracking by analyzing transitions

between OOIs. However, free head movement and limited precision and accuracy require

careful data processing to obtain reliable OOI information. Depending on the size of the

virtual objects, a participant can gaze at an object, but the measured gaze direction can miss

the object. This makes a readjustment necessary during data processing, and some gaze

targets must be estimated for further analysis.

To statistically analyze OOI information, the number of transitions and the OOI duration

on speci�c objects can be used. However, these single values cannot re�ect the complexity of

gaze interactions. Networks are one way of representing the structure of gaze interactions

with the OOIs. Networks provide several advantages that can be used to display and analyze

gaze transitions between OOIs in virtual environments. Network analysis, grounded in math-

ematical graph theory [182], provides high scalability and can re�ect network structures on
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different levels of granularity [136]. It allows for the comparison of different networks (i.e.,

distribution measures), the investigation of connectivity within the network (i.e., intercon-

nectedness measures), and the comparison of single nodes or groups of nodes (i.e., centrality

measures) [183]–[185]. Modeling gaze data with networks is not only appealing because they

provide good visualizations and interpretation, but research in cognitive science also suggests

that networks can mimic the structure of the cognitive system and represent its dynamic

processes [186], [187]. This makes the analysis of gaze networks especially interesting to

investigate visual attention processes related to social and learning behavior. While there

are some examples applying network analysis to gaze data [136], [145]–[148], [150], [188],

applications and evaluations for the use of VR eye tracking data are sparse.

In summary, the research on eye tracking in virtual learning environments shows great

potential to investigate information processing and learning. Well-established paradigms

from eye-tracking research provide the basis for systematically investigating eye movements

and visual attention in virtual environments. However, the speci�c characteristics of VR pose

methodological and analytical challenges in modeling and interpreting VR eye-tracking data.
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Contributions

This dissertation aims to investigate how information processing and learning can be studied

through eye-tracking analysis in virtual reality learning environments. Using VR as a reality

simulator of a dynamic 3D environment, this thesis addresses the challenges of measuring

information processing with eye tracking and the possibilities of modeling eye movements

and visual attention. Given that VR can create a plausible and authentic experience of

the learning situations while providing a standardized experimental setting, analyzing eye-

tracking data can help to systematically address the following research questions:

[Q1] How do we encode and process information during the perception of 3-dimensional

objects in VR? How can we reliably measure eye tracking during 3D scene perception?

[Q2] How do students distribute their visual attention in 3D virtual learning situations like

a classroom? How do they focus on the lesson content and other learning-relevant

events?

[Q3] How can eye-tracking information be modeled to analyze learning and social-related

behavior toward virtual avatars in the virtual classroom?

Eye tracking, as a noninvasive measurement technique, is a promising assessment method

since eye-tracking data is straightforward to obtain during VR experiments. Previous research

in psychology, cognitive science, and human-computer interaction provides a sound body of

literature on the analysis and interpretation. However, using eye tracking in VR also poses

some challenges regarding integrating head movement, acquiring gaze target information,

and interpreting eye movements in relation to information processing and learning.

This dissertation addresses some of the challenges of utilizing eye tracking in VR and pro-

poses methodological and analytical solutions to these problems. This concerns obtaining

reliable measures of pupil diameter, the use of gaze-ray casting to obtain the object of interest

13
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information, network analysis, gaze entropy, and modeling eye movements using machine

learning. Open-source tutorials and code are provided to allow other researchers and practi-

tioners to utilize our solutions. The results of this thesis aim to expand the knowledge in the

�eld of VR research in education science and explore the limits of analyzing and modeling

eye tracking in VR. The results may not only provide insights for research on VR eye tracking

and its connections to cognitive processing in virtual environments but could also help to

strive towards effective virtual learning environments.

To further re�ne the three formulated research questions, the research articles presented

in this thesis can be divided into three main contributions, representing the three sections in

this chapter.

[C1] The �rst contributions in Section 3.1 present two standardized experimental testing

environments in VR that focused on the processing and encoding of information

with 3D objects and the reliable measurement of pupil diameter. The �rst testing

environment asked participants to solve a mental rotation task, presenting pictorial

2D and visual 3D �gures to compare performance and eye movements when solving

the stimuli. The second testing environment was designed to collect pupil diameter

values during a counting task to obtain reliable baseline measures.

[C2] Moving toward more authentic learning scenarios in Section 3.2, the classroom rep-

resents a rich learning environment that can be studied systematically to uncover

learning-related processes. Different theory-driven design aspects of a virtual class-

room were analyzed to understand how students distribute their visual attention in

a virtual classroom. The results showed how manipulations in the classroom envi-

ronment and different teaching events during the lesson affected students' visual

attention.

[C3] In the last part in Section 3.3, gaze-based attention networks, obtained from gaze

target information, were used to investigate students' visual attention patterns. The

network approach using gaze transitions was evaluated on its utility for investigating

the connection between visual attention distribution and social-related learning in the

virtual classroom.
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3.1. Information Encoding and Cognitive Load

3.1. Information Encoding and Cognitive Load

3.1.1. The Impact of Presentation Modes on Mental Rotation Processing

This subsection is based on paper [1] from Chapter 1 The Impact of Presentation Modes on

Mental Rotation Processing: A Comparative Analysis of Eye Movements and Performance

published in Scienti�c Reports [1]. The full paper is presented in Appendix [1].

Motivation and Methodology

A fundamental aspect of information processing in virtual reality is the perception and

encoding of three-dimensional objects. Since VR can create the perception of a 3D space,

there are many ways to facilitate learning in cases where 2D representations cannot re�ect all

relevant information. For example, in situations where 2D representations can be ambiguous

due to hidden or occluded parts. Further, recovering the structure of a 3D object from a 2D

representation could cause additional effort during information encoding that might not be

present for visual 3D objects. To create effective learning environments in VR, aspects of visual

representations are relevant, and their effect on information processing and learning should

be considered. On the one hand, there is great potential in creating visual 3D representations

of learning material, whereas conventional materials only portray 2D representations of 3D

objects. On the other hand, VR could cause additional processing or cognitive load due to its

unique characteristics.

One way to investigate humans' perceptual encoding of 3D objects is to compare the

performance and eye movements during a mental rotation task with pictorial 2D and visual

3D representations. Investigating mental rotation is especially suitable for various reasons.

Mental rotation is a well-assessed construct from psychology that can be used to investigate

spatial thinking and spatial reasoning. It has a strong and well-tested experimental design

that can be used to assess participants' abilities. In addition, the eye movements of partic-

ipants during solving mental rotation tasks have been analyzed in a number of previous

studies. There is hardly any other task in psychology that has been studied more systemati-

cally with respect to individual processing steps and underlying cognitive processes. This

gives researchers the opportunity to interpret the perception and information processing

during this problem-solving task by analyzing eye movement data. Comparing participants'

mental rotation performance and eye movements during mental rotation with pictorial 2D

and visual 3D stimuli can be used to identify differences in visual information encoding and

cognitive load.
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Figure 2.: An illustration of the procedure involved in obtaining the closest �xated segments
for each �xation center.

For this reason, a mental rotation experiment was conducted in a virtual reality laboratory,

where university students conducted two types of mental rotation tests each. One test

presented pictorial 2D representations of 3D mental rotation stimuli displayed on a virtual

screen in the VR laboratory. The other test presented visual 3D-rendered stimuli �owing

above the experiment table in front of them. Participants' performance was tested in terms

of the number of correctly solved stimuli and reaction time. The eye and head movements

of participants were analyzed and compared to values of features previously identi�ed as

informative for stimulus processing and mental rotation strategies.

Since previous studies identi�ed mental rotation strategies based on �xation patterns on

speci�c parts of the �gures, a primary goal was to obtain similar information. To identify

�xations on speci�c parts of the �gures and during head movements, �rst, a combination

of a Velocity Identi�cation Threshold (I-VT) and a Dispersion Identi�cation Threshold (I-

DT) algorithm was applied. The low accuracy and precision of the VR eye tracker only

allowed for an estimation of the �xated �gure segments. The �xated segments could be

estimated by calculating the distance of the �xation center to the midpoints of the �gure

cubes and selecting the segments based on the shortest distance. This procedure allowed for

an estimation of the �xated segment of the �gures. With this information, different head, eye,

and gaze features could be calculated. An illustration of this procedure is shown in Figure 2.

In addition to statistical tests, a Gradient Boosting Decision Tree (GBDT) classi�cation

algorithm was trained to identify the discriminative power of all head and eye-related features

between the condition and to explore non-linear relationships in the data. Further, the
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application of Shapley Additive Explanations (SHAP) could be used to obtain information on

global and local feature importance.

Main Findings

In terms of mental rotation performance, participants solved signi�cantly more stimuli

correctly in the 3D condition with a signi�cantly faster average reaction time. Notably, no sex

difference was found for performance in either the 2D or 3D condition. This is consistent

with previous �ndings that found no sex differences in mental rotation experiments when

the experiment time was unlimited and more realistic representations were used. Regarding

the different types of presented stimuli, participants made relatively more mistakes in the

3D condition with mirrored �gures (unequal �gures in which two segments of a �gure are

arranged mirrored to each other). They showed relatively longer reaction time for structural

�gures (unequal �gures, in which one segment of one �gure points in a different direction).

A signi�cant difference in eye and head movements between the conditions was found for

features indicating differences in visual strategy, head movement, and cognitive load. With a

total of 12 eye and head movement features, the GBDT algorithm was able to classify the two

conditions with an average accuracy of 0.881 (SD = 0.011). This indicated that the feature

contained relevant information for differentiating between the two conditions.

Based on the SHAP values and the results of the statistical signi�cance tests, the following

statements could be made about differences in the processing of pictorial 2D and visual

3D �gures. According to the study of Xue et al., [189], speci�c eye movement patterns

indicate different processing steps during the mental rotation process. In their study, the

main differences were found between the �rst step of encoding and searching and the

second step of transformation and comparison. Our experiment indicated that in the 2D

condition, participants invested more time and effort in the �rst step of encoding and

searching. This is consistent with the �ndings that processing visual 3D �gures is easier than

reconstructing a 3D representation from a 2D image. The results suggested that additional

depth information in the 3D condition helped participants encode the visual �gures faster

and move to subsequent steps more quickly.

Further, in the 2D condition, participants had longer �xations on speci�c parts of the

�gures and lower saccade velocity, indicating a more focused exploration. Conversely, in

the 3D condition, participants moved their heads closer to the �gures, resulting in larger

saccade amplitudes and higher saccade velocities. The increased pupil diameter in the 2D

condition indicated greater perceived task dif�culty for pictorial �gures. Furthermore, the
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presentation mode affected participants' strategies for solving the mental rotation tasks, with

the 2D �gures encouraging more piecemeal processing and the 3D �gures more holistic

processing.

However, faster encoding and more holistic processing in the 3D condition could have

come with some drawbacks, indicated by more mistakes with mirrored stimuli and longer

reaction times for structural �gures. Speci�cally, the longer reaction time for structural

�gures suggested that participants took more time examining speci�c parts of the �gure for

this stimulus type in the 3D condition, potentially switching between holistic and piecemeal

strategies.

Participants' better performance with visual 3D �gures, faster encoding, and less cognitive

effort indicated that 3D objects and 3D representations might also provide advantages in

relation to learning materials and learning environments.

3.1.2. Pupil Diameter during Counting Tasks as Potential Baseline for
Virtual Reality Experiments

While the obtained pupil diameter in the mental rotation experiment provided reliable

measures due to the standardized experimental procedure, other VR experiments are charac-

terized by a less structured environment in which participants are dropped directly into a

lively situation. This causes problems in the processing of pupil information since, in order

to measure the relative cognitive load of subjects in speci�c situations, the pupil values must

be corrected to a baseline, which is more dif�cult to determine in these environments. In

order to create the possibility of a reliable baseline measurement, the following experiment

was carried out.

This subsection is based on paper [2] in Chapter 1 Pupil Diameter during Counting Tasks

as Potential Baseline for Virtual Reality Experiments published in Proceedings of the 2023

Symposium on Eye Tracking Research and Applications [2]. The full paper is presented in

Appendix [2].

Motivation and Methodology

As introduced before, pupil diameter was found to be a reliable indicator of mental effort.

An increase in pupil diameter was associated with an increase in mental effort [127]. This

task-induced pupillary response has been observed in various cognitive tasks, including

arithmetic [190], reading [191], and memory [128]. As such, it can indicate task dif�culty

and provide valuable insights into problem-solving and learning in VR, which are relevant
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Figure 3.: Experiment design of the counting and summation task to measure pupil diameter
baselines in VR.

aspects of education science. However, pupil diameter is idiosyncratic and must, therefore,

be adjusted by a baseline to enable comparison across individuals [115]. In laboratory

settings, a baseline can be established during a resting state [192] or a stimulus offset by

staring at a black screen [115]. Although this procedure might be suitable for remote eye

tracking, establishing an appropriate baseline for eye tracking in VR presents a more intricate

challenge. When using an immersive VR with an HMD, establishing a proper baseline is

challenging because exposing participants to a completely black screen may cause discomfort

or fear [125], leading to confounded baseline measurements [122]. Additionally, variations in

lighting levels [56] and participants' cognitive state, affected by emotional responses or mind

wandering, may also in�uence baseline measurements [193]. To overcome these limitations,

a VR environment with controlled visual conditions is needed to establish a reliable pupil

diameter baseline measurement.

A short VR testing environment was created and evaluated to establish a pupil diameter

baseline measurement for VR. Before and after the mental rotation task described in paper

[1], the same participants conducted a counting and summation task in a separate VR

environment without moving their heads. In the counting task, they were instructed to

count the number of appearing dots in the middle of the screen, which was considered to

be a low-demanding task. In the summation task, one to �ve dots appeared sequentially,

and participants were instructed to sum up the total number of dots that appeared. The

experiment design can be seen in Figure 3.
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Main Findings

Pearson's correlation coef�cients with r È 0.855 indicated signi�cant consistency for pupil

diameter in the counting task when correlating individual counting intervals (appearance of

one dot). Similar correlations were found for the same experiment after the mental rotation

task, but only acceptable retest reliability was found between both measurement times on

the level of the individual intervals ( r Ç 0.7). The pupil diameter signi�cantly increased for

the summation task, which showed that the additional task complexity in the summation

task led to the expected increase in pupil diameter. Variations in pupil size during the tasks

were mainly caused by the additional lightning induced by the dots appearing on the screen.

However, when inducing the same lighting level during the counting task, the variation in

pupil diameter values showed consistent patterns with similar high and low peak values for

each counting interval.

These results highlight the potential of obtaining reliable pupil diameter measures in

a separate testing environment before an experiment. However, the analysis of baseline-

corrected pupil diameter values from VR eye trackers is only recommended as average

values over longer time intervals. Due to the low temporal resolution of the VR eye tracker,

analyzing more �ne-grained pupillometry measurements (e.g., short amplitude changes) is

not recommended [194]. Given the lower retest reliability, recalibrating the eye tracker for a

longer VR experiment is suggested. This separates noise in the pupil diameter measure from

other time effects, like fatigue or drowsiness [115].

Overall, one can conclude that this test procedure is time-saving, can be carried out quickly,

and is only slightly in�uenced by factors such as head movements, different luminance levels,

and mental states. By averaging during the counting task, a baseline can be calculated, and a

subtractive or divisive baseline correction can be applied to control for idiosyncratic effects.

However, this method cannot control for the effect of luminance on pupil size. This must be

considered independently in addition to the idiosyncratic standardization proposed in this

study.

3.2. Visual Attention in a Virtual Classroom

To investigate information processing and learning in a more realistic virtual environment,

attention was drawn to virtual learning spaces, namely the virtual classroom. From the

classroom experiment described in this section and in Section 3.3, three different evalua-

tion studies could be conducted with the same data. The data was obtained from a virtual
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(a) Cartoon-style virtual peer
learners.

(b) Realistic-style virtual peer
learners.

(c) Total classroom perspec-
tive from the back.

Figure 4.: Illustrations of the VR classroom with animated peer-learners and an animated
teacher during a 15-minute lesson about computational thinking.

classroom experiment in which 381 sixth-grade secondary school students from Germany

took part in this 15-minute VR lesson about computational thinking. A virtual teacher held

the lesson and explained the content, referred to the learning content on the whiteboard

(screen), and asked the students questions. In addition, 24 different students were indi-

vidually animated in the classroom and participated in the lesson. Each participant in the

experiment experienced the same lesson, but different aspects were manipulated. The par-

ticipants were placed in different seating positions in the virtual classroom (second or last

row), the presentation of the virtual characters was changed (cartoon-like or closer to real),

and the participation and engagement of the virtual classmates were manipulated by varying

their hand raising. In one of four scenarios, either 20%, 35%, 65%, or 80% of the virtual

students raised their hand during teacher-student interactions. This resulted in a dataset

with a 2 £ 2£ 4 Æ16 between-subject design and different events or phases during the lesson

(teacher explanation, teacher-centered discourse, questions, and answers), providing an

even more �ne-grained separation of the VR experiment data. Illustrations of the virtual

classroom can be seen in Figure 4 (with hand-raising virtual students in cartoon style in

Figure 4a, in realistic style in Figure 4b and a total perspective of the classroom from the back

in Figure 4c).

3.2.1. Gaze-ray Casting

This subsection is based on the paper [5] Gaze-based attention network analysis in a virtual

reality classroom published in MethodsX [5]. The full paper is presented in Appendix [5].
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Figure 5.: Illustration of the calculation of the global gaze directions from local gaze directions
using yaw and pitch rotation angles.

Motivation and Methodology

To obtain students' OOI information for the VR classroom experiment, which was modeled

and analyzed in the two following articles, a software solution needed to be created for the

Unreal Engine. This subsection describes the developed algorithm and its implementation

in VR environments.

When analyzing the virtual classroom data, no software solution existed to obtain OOI

information despite all head and eye tracking information being collected during the experi-

ment. This meant that in an additional step, a data collection pipeline had to be developed

that was able to perform gaze-ray casting in the Unreal Engine environment. The basic idea

for gaze-ray casting already existed and was described in previous literature [179], [180],

[195]. However, no software package was provided for the HTC Vive in combination with the

Unreal Engine that automatically collected this information. To establish such a solution,

an additional eye-tracking actor was created in the virtual environment that was aligned

with the movement of the player and received the participants' local gaze direction of the

eye tracker to transform it in real-time into the global gaze direction. This idea of creating

one additional virtual actor had the advantage that one could easily implement the gaze-ray

casting method into the already existing environment without interfering with the existing

programming and game speci�cations.
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The forward vector of the virtual actor, representing the participants' location in the envi-

ronment, already pointed in the forward direction of the head, which meant that this vector

only had to be adjusted according to the gaze direction to point exactly into the direction of

the participants' eyes. The forward vector could be rotated by using the rotation angles yaw

and pitch, which could be calculated from the local gaze directions. Since angle rotations

are independent of the coordinate system, this procedure allowed for the calculation of the

rotation angles in the local coordinate system of the eye tracker and could be used to rotate

the global head direction vector.

To transform the local gaze direction into the global gaze direction, which could then be

projected into the environment, basic Euclidean geometry was used. The calculation was

based on the formula of calculating an angle ® between two vectors A and B:
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The latter part of both formulas ensured the calculation of the angle in degree instead of

radiant and adjusted for transformation from the Tobii eye tracker to the Unreal Engine

coordinate system. An illustration of the vectors and angle in the local coordinate system is

presented in Figure 5

The rotated forward vector, which then represented the global gaze direction, could be

used as input for the ray-casting function, which was already implemented into the Unreal

Engine function library. From the function output, the gaze target name, the gaze target

location, and the distance to the gaze target could be obtained. A screenshot of the input and
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Figure 6.: Screenshot of the Unreal Engine blueprint displaying the ray-casting function with
inputs and outputs.

output of the ray-casting function in the Unreal Engine blueprint can be found in Figure 6.

The code, as well as a tutorial of the implementation of gaze-ray casting with the Unreal

Engine, was uploaded and made publically available on GitHub 1. With this algorithm, the

OOI information could be obtained, which could then be used in the following studies to

analyze students' visual attention in the virtual classroom.

3.2.2. Students' Visual Attention in a Virtual Classroom

This subsection is based on paper [3] from Chapter 1 Exploiting Object-of-Interest Information

to Understand Attention in VR Classrooms published in 2021 IEEE Virtual Reality and 3D User

Interfaces [3]. The full paper is presented in Appendix [3].

Motivation and Methodology

The analysis and modeling of visual attention using eye-tracking is task and environment-

speci�c and, therefore, may not be transferable to other domains. Consequently, speci�c

domain knowledge and con�gurations should be considered for the assessment of humans'

visual attention in digital environments, especially in VR. To investigate how students dis-

tribute their visual attention in a virtual classroom, it is helpful to consider different con�gu-

rations of the virtual environment.

Therefore, OOI information was obtained through gaze-ray casting with a focus on three

main groups of objects. The aim was to analyze how long subjects ( N Æ280 from the full

sample) gazed at the virtual classmates, the virtual teacher, and the screen and to understand

1https://github.com/VRLabHIB/RayCasting_and_GazeBasedNetworkAnalysis
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the distribution of visual attention in this speci�c virtual classroom during the lesson. The

OOIs were deliberately chosen as they are of particular interest in terms of attention to social

dynamics and learning in a VR classroom. A full-factorial Analysis of Variance was conducted

to investigate different gaze durations on all three OOIs for the different experiment condi-

tions. This not only gave insights into the design of virtual classrooms (seating arrangement

or visualization) in terms of the student's visual attention behavior, but it also simulated

classroom behavior that might lead to implications for real-world learning scenarios (e.g.,

does the seating position affect visual attention).

Main Findings

Visual attention in terms of the total gaze duration on all three OOIs was investigated sep-

arately for the analysis. The total time spent on the virtual peer learners was larger when

participants were seated in the back of the classroom, when they appeared in the cartoon

style and in the 20% and 80% hand raising condition compared to the 65% condition. Re-

versed gaze duration was found for the total time spent on the virtual teacher and the screen.

Participants spent more time on the virtual teacher when they were seated in the front and

when the teacher and the virtual students were more realistic. Signi�cantly more time was

spent on the teacher in the 65% hand-raising condition compared to the 80% condition.

While there was no difference in the time spent on the screen for the two visualization styles,

participants in the front had signi�cantly longer gaze durations on the screen. They also

spend signi�cantly more time on the screen in the 65% hand-raising condition in comparison

to the 35% and 80% conditions.

This analysis showed that the students at the front of the classroom paid less attention

to the peer learners and more attention to the learning-related content (teacher, screen).

On the one hand, this is understandable, as the students at the front of the classroom had

fewer peers in their FOV and had a clearer view of the teacher and screen. On the other hand,

the differences in the hand-raising conditions, regardless of the seating position, showed

that the students consciously focused their attention differently on the social cues from the

peer learners. An interaction effect found between the hand-raising condition and sitting

position showed that the in�uence of the sitting position was decisive for the distribution

of attention to the virtual classmates. With regard to the design of effective virtual learning

environments, one can conclude that if students should focus more on the content, then

a computationally less complex, cartoon-like visualization of the virtual characters can be

used. However, if a particular emphasis is placed on students' reactions to the social actors
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(particularly in a collaborative learning environment), our results showed that the more

realistic representations attracted students' attention.

3.2.3. Detect Classroom Discourse using Gaze Transition Entropy

This subsection is based on paper [4] from Chapter 1 Using Gaze Transition Entropy to Detect

Classroom Discourse in a Virtual Reality Classroom published in Proceedings of the 2024

Symposium on Eye Tracking Research and Applications [4]. The full paper is presented in

Appendix [4].

Motivation and Methodology

The previous study investigated the VR classroom as a whole and focused on the overall

effects of the different experimental manipulations for the full 15-minute lecture. When

having a closer look into the VR classroom experience, the lesson was simulated to repre-

sent different phases of a lesson. To provide a learning experience that mimics traditional

classroom teaching, the lesson included events of teacher explanation and events of student-

teacher interaction. Certain events of classroom discourse [40], [41] in a teacher-centered

lesson have been simulated, such as teacher questions toward the class, hand raising by the

virtual peer learners, and answers to the questions by singular virtual students. The active

participation of the virtual students and the interaction of the teacher with the students

provided some elements of classroom discourse. The aim of this study was to �nd out if

participants' visual behavior could indicate different events during the lesson [196]. While

during teacher explanations, the main focus should be drawn to the front, during discursive

events, participants should switch their attention towards all social actors in the classroom

and actively explore the student-teacher interactions [15], [57].

For this, gaze measures could be utilized to indicate the distribution of visual attention

and the extent of visual exploration. Stationary and gaze transition entropy [157], [181],

[197] was analyzed to investigate the difference in participants' visual behavior in the two

main events during the lesson (teacher explanation vs. elements of classroom discourse).

The two entropy measures were calculated for 30-second intervals with a sliding window of

10 seconds to re�ect dynamic changes in gaze entropy over time. The transition matrices

consisted of all peer learners, the teacher, and the screen as separated OOIs. Given the

prede�ned animations in the VR classroom, the events could be distinguished according to a

timetable. Further investigation indicated that gaze entropy measures could also distinguish

the extent of visual exploration for the different hand-raising conditions. The explanatory
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value of both entropy measures was studied by two multilevel linear regression models with

the events and the hand-raising conditions as independent dummy variables. To further test

the predictive power of both entropy measures for discerning classroom events, a logistic

regression model was trained to predict the event using only the two entropy measures as

independent variables.

Main Findings

Transition entropy was signi�cantly higher during events of classroom discourse compared to

events of teacher explanations. Moreover, transition entropy was higher in the 20% and 80%

hand-raising condition, compared to the category of average hand-raising (the combination

of the 35% and 65% condition). Stationary entropy was also signi�cantly higher for classroom

discourse events and signi�cantly higher in the 80% condition compared to the average

category. This indicated that participants showed more visual exploration during the events

of teacher-student interactions. Visual exploration was particularly strong for participants in

the 80% and 20% hand-raising conditions. Notably, one can assume that these conditions

provide relevant information for social comparison and learning (everyone or no one is

participating or knows the answer). The 20% hand-raising condition showed a signi�cant

effect for transition entropy but not for stationary entropy. This suggested that although

participants engaged in more visual exploration, they only spent time on a few hand-raising

students. Interestingly, there was no interaction effect between the events and the hand-

raising conditions. This indicated that the entropy values were not only larger during the

discursive events, but participants showed generally higher values during the full lesson. It

is also possible that there were variations over time that averaged out the interaction effect,

e.g., a different level of visual exploration at the beginning than at the end of the scene.

The clear distinction between the events in terms of gaze entropy indicates that the stu-

dents' showed the intended attention to their virtual classmates in situations where social-

related learning information could be obtained from the lesson. Since visual exploratory

behavior varied even between conditions, it indicated that even simple hand-raising sig-

nals mimicking engagement and participation are perceived in the virtual classroom. On

the one hand, these results highlight the impact of social characters in the virtual learning

environment. On the other hand, the successful application of gaze transition entropy to

differentiate visual attention behavior highlights the value of analyzing gaze transitions to

detect social-related behavior.
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3.3. Gaze-based Networks and Learning with Simulated

Classmates

One article in this section investigated the same virtual classroom experiment. In con-

trast to the previous studies, it focused on the relationship between visual attention and

learning-related outcomes like interest, self-concept, and performance. Gaze-based atten-

tion networks were exploited to analyze the students' visual attention in the classroom, and

structural network measures could be associated with the learning outcomes. Alongside this

article, a corresponding methods article was published to explain the eye tracking analysis

using the network approach. This methodological article is presented �rst.

3.3.1. Gaze-based Attention Network Analysis

This subsection is based on the second part of the paper [5] Gaze-based attention network

analysis in a virtual reality classroom published in MethodsX [5]. The full paper is presented

in Appendix [5].

Motivation and Methodology

By using gaze-ray casting in VR, one can directly obtain the OOI information and calculate

the transitions between the different OOIs. This procedure offers an alternative approach to

calculating �xations and saccades, which is more dif�cult to obtain in 3D virtual environ-

ments. Assuming that a gaze transition to a certain object also means the visual processing of

this object, the frequency and sequence of gaze transitions can provide indications regarding

information processing. As already shown in Section 3.2.3, distribution measures built from

transition information indicate visual exploration toward social actors. Instead of using single

measures, scan paths are alternative representations of gaze transitions [198], [199]. One way

to represent scan path information is to count the number of transitions between all selected

OOIs over a period of time and build a transition matrix where one matrix entry represents

the number of transitions from one speci�c OOI to another. While this transition matrix is

used to calculate entropy measures [157] or to train machine learning classi�ers [114], it also

represents a directed graph [182], [200], [201].

The gaze transition matrix can be seen as an interaction-based network in which the

OOIs are the nodes, and the number of transitions are the weighted edges of the network.

All gaze transitions of one participant during the VR experiment can be collected in one

network. This network reveals a participant's visual attention distribution in the virtual
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scene. It opens up the possibility of analyzing the network structure of one participant by

calculating different structural variables and using them to compare the structure between

participants. Structural variables are measures that indicate the centrality of speci�c nodes

in the network, the distribution of transitions within the network, and their connectedness.

The evaluation of the gaze-based attention network analysis with regard to social-related

behavior and learning is described in Section 3.3.2. The technical and methodological aspects

of gaze-based attention networks and how to calculate structural variables are described in

this section.

In the case of the classroom experiment, the transition matrix was obtained for each

participant for the full 15-minute virtual lesson. An illustration of an example network can

be seen in Figure 7. Speci�cally, for the purpose of investigating learning with simulated

classmates as described in paper [6] [6], structural variables were calculated that could

extract network information about the visual attention towards the virtual peer learners and

the learning material. The runtime performance of the pipeline was also evaluated, and

recommendations regarding data storage could be formulated.

Main Findings

Several structural variables of the networks turned out to be feasible for analyzing partici-

pants' visual attention in the virtual classroom. In general, three different types of variables

could be calculated to describe the structure of the gaze-based attention networks.

Centrality measures state the importance or prominence of a node or a set of nodes.

It describes the weighted number of connections a node holds to all other nodes. Degree

centrality, in particular, sums the weights of all incoming and outgoing edges, which translates

to the number of gaze transitions towards and away from one OOI. The degree centrality of a

set of nodes is calculated by only counting the incoming and outgoing edges from outside the

set. This means that degree centrality portrays the importance of an OOI in terms of visual

attention.

Distribution measures describe the distribution of gaze transitions among speci�c nodes or

across the whole network. Participants' gaze transitions could either occur between a small

set of OOIs or between multiple OOIs, which would be indicated by different distribution

values. Weighted degree centrality was the �rst distribution measure [183] that was used to

describe the gaze distribution for single nodes. Contrary to what the name suggests, this is

a measure for calculating the distribution of all outgoing edges of one node. A simpli�ed

calculation and an adaptation of this method for unsorted networks were presented. As a
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Figure 7.: Example for a gaze-based attention network of the virtual classroom with fewer
nodes and edges.

second measure of distribution, the uniformity of the edge weights was calculated using

chi-square statistics. The uniformity measure was applied to the whole network structure,

indicating equal or unequal distributions of the gaze transitions between the OOIs.

The last type of structural variables represented the interconnectedness within the network.

These measures were particularly useful in separating visual attention towards the teacher

and screen and towards the virtual students in the VR classroom. Cut size was used as a

measure to count the number of weights between two subgraphs representing the teacher

and screen or virtual students. Further, the concept of cliques in networks was used to

investigate the frequency of gaze transitions among virtual students. A clique in a network

represents a subset of nodes that are all connected with one another. Therefore, the size and

number of cliques represent well-connected substructures in the network. If participants

transitioned their gaze fully between a subset of virtual students, this group was considered a

clique and represented a more intense visual exploration of this subgroup of virtual students.

Performance analysis of the data pipeline showed that the small number of variables

required to calculate the networks and the sequential execution of the individual calculation

steps greatly reduced the size of the data �les and the computational runtime. Calculating

and storing networks instead of data frames further reduced the size of the data. With

speci�c data formats from network packages, large networks can be stored in a more space-

ef�cient manner. The possibility of calculating the structural variables for each participant

individually avoids more computationally intensive methods for comparing networks.
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3.3.2. Learning with Simulated Virtual Classmates

This subsection is based on paper [6] from Chapter 1 Learning with simulated virtual class-

mates: Effects of social-related con�gurations on students' visual attention and learning

experiences in an immersive virtual reality classroom published in Computers in Human

Behavior [6]. The full paper is presented in Appendix [6].

Motivation and Methodology

The classroom can be understood as a central learning environment. A regular classroom

environment is characterized by a few structural elements. There is a whiteboard (screen)

with the learning material, a teacher, and a peer learner who participates in the lesson. The

social interactions and social relationships between all classroom actors create a dynamic

of mutual learning, which contributes to students' emotional, cognitive, and academic

development [90]. Although the social interactions of the virtual avatars are prede�ned,

they can still re�ect social behavior in real classroom situations to a certain degree [91]. VR,

in particular, is capable of simulating the complex and dynamic learning processes in a

classroom and incorporating various contextual and peer-related factors. Learning in a social

context is of importance for educational science and in�uences the (perceived) learning

achievement and motivation of students [202], [203].

For this reason, this study focused primarily on students' visual attention toward virtual

peer learners and its relation to speci�c learning outcomes like interest, self-concept, and

achievement collected in a pencil-paper post-test. To model students' visual attention,

gaze-based attention networks were computed for each participant, and speci�c structural

variables were calculated (as described in Section 3.3.1) and statistically compared with

the learning outcomes. Further, the structural variables were also investigated with regard

to the experimental conditions of the experiment (sitting position, visualization style, and

hand-raising).

The structural variables that were calculated focused speci�cally on differentiating between

the teacher, the screen, and the peer learners and, more precisely, distinguishing the visual

distribution of attention among the virtual peer learners. Degree centrality was calculated

for the teacher, the screen, and the subset of nodes containing all peer learners. Furthermore,

the number of cliques containing only peer learners and their average size was calculated. To

investigate further if participants showed different behavior regarding speci�c virtual peer

learners, the proportion of girls to boys in the cliques of peer learners was counted. To analyze

the distribution of visual attention in the virtual classroom, the weighted degree centrality of
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the screen, the cut size between teacher/screen and peer learners, and the uniformity for all

gaze transitions were calculated.

Main Findings

Comparable with the previous study [3], the structural variables showed a clear tendency

of the students to focus more on the teacher and screen when seated in the front. Further,

students in the back showed higher numbers in all clique and distribution-related variables.

The visualization condition showed less consistent results. However, the majority of peer

learner-related variables were higher for the cartoonish avatars. Participants showed a

higher degree centrality toward the teacher and screen and a lower degree centrality toward

peer learners in the medium 65% hand-raising condition, compared to the 20% and 80%

conditions. These results showed that not only did the gaze duration on the OOIs differ for

the experimental condition, but also that participants observed the virtual peer learned with

different frequencies and intensities.

Partial correlation between the structural variables and the learning-related outcomes

revealed that participants' self-reported interest was particularly associated with differences

in visual attention behavior. The degree of centrality of peer learners, the number and size of

the cliques, and the proportion of boys in cliques were negatively associated with participants'

interest in the lesson. These results revealed that students who were more interested in the

lesson content also focused less on the virtual peer learners and more on the screen, as

indicated by the positive association between interest and degree centrality on the screen.

Students' average situational self-concept (which consisted of four items like: “I could solve

the robot tasks faster than the others”) was negatively associated with the proportion of boys

in the cliques. The post-test score of students' achievement showed a positive correlation

with the degree centrality on the screen, indicating that students who focused more on the

learning content also showed better learning.

Overall, the study's �ndings revealed signi�cant associations between students' visual

attention distribution in the virtual classroom and learning-related outcomes. They also

showed that gaze-based attention networks analyzed through structural variables can reveal

information about learning with social avatars in virtual learning environments.

32



4. Discussion

This thesis contributes to the investigation and understanding of information processing and

learning in virtual reality learning environments. The exploitation of VR eye-tracking data

showed great potential in analyzing learning-related aspects of information encoding, visual

attention in learning environments, and social aspects of learning. The results presented in

this thesis could be a �rst step towards understanding the mechanisms of human (visual)

behavior in VR in order to strive for the effective use of VR as a learning environment.

Both methodological and theoretical aspects were addressed. With regard to the analysis

of eye movement data in VR, several methodological contributions could be achieved. More

speci�cally, a standardized test environment was used to show how a reliable measurement

of pupil diameter could be achieved in order to obtain physiological parameters relevant to

learning, such as the change in the pupil for estimating cognitive effort. In addition, a reliable

procedure was established to obtain gaze target information as a combination of head and

eye movements in virtual environments of the Unreal Engine using the gaze-ray casting

method. Providing an implementation tutorial with open-source access to the code allows

other scientists to replicate this method and can, therefore, be used for further scienti�c

research. Furthermore, a method was developed and evaluated to enable the assessment

of different aspects of visual perception when applying network analysis to VR eye-tracking

data. From the successful application of the gaze-based network analysis, two conclusions

could be drawn. Network structures can model the complexity of visual attention to some

degree, especially when the connections between speci�c OOIs are meaningful. Further,

structural variables cannot only determine network structures in the sense of meaningful

representations, but they are also easy to interpret and allow for statistical comparison.

While some methodological contributions could be presented in this thesis, no systematic

methodological evaluations were carried out, as the contributions in this thesis focused more

on their application.

Theoretical implications for the effectiveness of VR for learning could be drawn from the

investigation of information encoding with 3D objects, the investigation of visual attention

33



4. Discussion

in a virtual classroom, and the reaction of students toward social cues and social-related

learning behavior during the virtual lesson. It could be shown that in a standardized mental

rotation experiment, subjects showed a better mental rotation performance with visual 3D

objects. Eye movements indicated easier and more holistic processing and suggested that

subjects preferred more egocentric processing of 3D �gures by changing perspective.

Depending on the sitting position and the visualization style of the virtual avatars, students

showed different visual attention behaviors. They focused more on the teacher and screen

when sitting in the front and on the teacher when a more realistic visualization style was used.

This further demonstrated that design aspects clearly in�uenced students' visual attention in

the classroom and provided further evidence that the virtual classroom situation introduced

behavior also expected in a real classroom. Further, when taking a closer look at the structure

of the lesson, the lesson design evoked the expected behavior of the participants. They

focused more on the teacher and learning content during events of teacher explanation while

shifting their attention towards the virtual avatars during elements of classroom discourse.

Further, the different levels of student engagement manipulated by the hand-raising condi-

tions, even more, showed the sensitivity of participants toward learning-related social cues

in the virtual classroom.

Further, this thesis highlighted the potential of utilizing different representations of visual

attention in the form of networks or gaze entropy to investigate the social-related behavior of

participants. Children's strong reaction toward social avatars was not unexpected. Already,

early experiments in psychology showed a high anthropomorphic tendency of humans

to anticipate human emotions and personality traits when watching animated movies of

triangles and circles [204]. Our tendency to personify our environment and perceive objects

in the context of social behavior and norms opens up a great potential to create virtual social

situations in VR. This also reduces the costs of conducting research on social behavior in VR

since rendering realistic social avatars is more dif�cult, and these animations often suffer

from an uncanny valley effect [205]. It seemed not to be necessary for participants that the

virtual avatars were particularly real to show tendencies of real social interactions.

4.1. Limitations

Despite the contributions of this thesis, there were also various limitations when analyzing

eye movements and visual attention information using VR eye-tracking. For example, in

the mental rotation experiment [1] (paper [1]), the spatial resolution of the VR eye tracker
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did not allow a �ne-grained analysis of the gaze targets. Even though the stimulus material

was placed right in front of the participants, most of the obtained gaze target points missed

the �gures. A detailed scan path analysis of the �xations on single cubes of the �gures and

a precise tracing of gaze patterns was not possible. The low precision and accuracy in the

eye tracking data could have been compensated by additional information. Eye tracking is

only one source of information that explains information processing and learning in humans.

While this thesis contributes to the explanation of human visual behavior and its relation

to cognitive processing, other physiological measures or language information were not

considered in the analysis.

Furthermore, all the VR environments studied in this thesis had in common the fact that

the locomotion of the participants was limited, and the virtual scene showed only a few dy-

namic movements. Although this might limit the generalization of the eye-tracking results to

other VR experiments, it is also an accurate representation of most current real-life learning

environments. Because one intention of education science is to uncover the learning process

in real-life situations, the presented VR environments must also represent these situations.

From the perspective of eye tracking, however, the generalization of these results must be

tested in scenes with more dynamic moving entities. As stated before, the analysis of visual at-

tention through eye-tracking is very scene and knowledge-dependent and can, therefore, not

be generalized across different learning scenarios. Speci�cally, obtaining reliable gaze target

information might be even more challenging when objects move quickly in the environment.

However, a positive side effect of these environments with fewer movement possibilities

was that participants did not show motion sickness. Because motion sickness is usually a

result of the disparity between visual and vestibular stimuli [16], [206], fewer head and body

movements lower its occurrence.

4.2. Virtual Reality in Education Science

From the perspective of empirical psychological research, VR seems an appealing research

tool because it allows research that escapes the traditional experiment situation while still

allowing for standardized experimental testing.

However, VR research might face the same situation as multimedia research in general.

Randomized control studies are, from a research design perspective, the most valid exper-

imental setup to investigate differences systematically. However, their feasibility can be

questioned when it comes to the multitude of possible combinations for designing effective
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VR environments. In contrast to treating the VR environment as a black box and interpreting

only differences between the treatment and control groups, the investigation of participants'

behavior during the experiment can be one step towards establishing explanations and

predictions of human behavior in VR environments that can lay the foundation of a theory of

human behavior in VR. This might even become more important when the possibilities to

interact and manipulate the virtual scene increase.

For example, the results from the mental rotation experiment [1] indicated that participants

switched from an object-based transformation to an egocentric transformation for visual

3D �gures. Especially for the processing of spatial relations, the change of perspective can

play an important role and correspond better or worse with the participants' usual mental

manipulation of 3D objects [207]. While the visual 3D �gures made this perspective change

possible, which was not possible with pictorial stimuli, other aspects were neglected. For

example, an additional reduction of cognitive load could also be achieved by the physical

rotation of the objects. The interplay of motor and cognitive skills, in particular, which could

be provided in interactive virtual environments, could be the next step to understanding

further aspects of the learning process in VR [208], [209].

In order to create virtual learning environments that are not only effective from a design

point of view but also provide insights for learning research outside of VR, it is necessary to

clarify how learning in VR differs from learning in non-virtual environments.

Generally speaking, most of this thesis's results stem from the interdisciplinary exchange

between computer science, education science, and cognitive psychology. One way to ap-

proach the pending question of the effectiveness of VR for learning could be to integrate

different perspectives from different �elds. These interdisciplinary endeavors could help

establish a broader theory of effective learning in VR. However, many aspects remain to be

uncovered on the path toward a theory of human behavior in VR.

4.3. Virtual Reality in Education Practise

From the experiences made during data collection and backed up by further evidence from

other literature [65], design aspects, clear instructions, and intuitive usability are key elements

to make VR easily accessible for practitioners. However, while there are already many VR

environments from different software companies, the pedagogical and learning-oriented

aspects are often overlooked. There are plenty of studies on the effectiveness of VR for

learning, but evidence from research on education showed that VR is rarely used in practice
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[210].

While most of this thesis's �ndings concentrated on using VR in education science, some

implications can be formulated for its use in practice. Displaying 3D objects should result

in a better understanding of their form and shape and, therefore, allow for faster encoding,

better understanding, and reduce students' cognitive load. This means that we should create

virtual learning situations and materials, especially where real-life representations are hard

to construct. This can be either when there are limitations in scale (e.g., exploring the stars

in the universe), limitations in visualizations (e.g., multivariate Gaussian Distributions), or

when learning opportunities are sparse (e.g., for medical operations).

4.4. Diversity of Learning Situations

Conventional education environments, such as a classroom or traditional learning materials,

like a school book, create a speci�c learning situation. In relation to Foucault's idea of an

apparatus dispositif [211], these elements shape and determine the learning situation and

affect the learner's behavior. This also implies that speci�c students could bene�t from a given

learning situation or from the mode of presentation of the learning material, while others

could show dif�culties. This principle is not limited to just a few individual differences, yet

the results of the studies in this thesis have provided particular insights into sex differences.

In traditional mental rotation tests with 2D representations, large sex differences were

found in test performance. This led to the formulation of various implications on the spatial

ability between sexes in psychological literature [212]–[215]. Interestingly, the VR experiment

was not able to reproduce these sex differences in mental rotation performance in our

experiment, which is in line with other experiments presenting mental rotation in VR [216],

[217]. While the result of a non-signi�cant sex difference was to be expected for the visual

3D �gures, there was no difference for the pictorial 2D �gures as well. When comparing

the experimental design with a traditional mental rotation test, it stood out that an overall

time constraint to solve the mental rotations task was missing. This also emphasizes the

importance of the testing situation and how it can affect individuals differently. Further,

the study results showed the importance of considering multiple representations to help

students who have trouble encoding 2D representations from learning materials. In this

case, VR showed great potential in providing the additional dimension necessary. This

especially highlights that the �ndings from the experiments, which were meant to assess

speci�c abilities, were also shaped and determined by their experimental design. Although
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this insight is by no means new, it is still a valuable lesson to keep in mind. This should

encourage researchers to think about the different interacting factors when creating learning

and testing environments and to consider diversity in learning scenarios.

Furthermore, the �ndings regarding students' situational self-concept in the classroom

study [6] indicated that the sex-speci�c composition of the virtual class and the distribution

of attention to virtual avatars with differently-read sex characteristics were important for

students' perceived competence. Especially in subject-speci�c learning situations (like the

presented lesson on computational thinking) with certain gender-stereotypical beliefs, the

diversity aspect with regard to virtual social avatars is even more important.

Given the ongoing discussion about the effectiveness of VR for learning, the more simple

conclusion might be that VR can at least create more diverse learning situations and materials.

While some situations and materials might impose more dif�culties for some students, they

might facilitate learning for others. So, while there might not be a VR environment that

increases learning for everyone, it still creates new possibilities to approach learning from

a different perspective, which may be more suitable for the speci�c needs of a particular

learner. Therefore, VR has great potential to diversify the landscape of learning and empower

individuals with different abilities.

4.5. Towards E�ective Virtual Reality Learning

Environments

As an outlook on this thesis, we can return to the statement that an effective learning en-

vironment comprises many different elements. To make VR an effective tool for learning,

the design of the VR environment, the cognitive mechanisms during learning in VR, and the

monitoring of the learning process must be interlinked.

Although learning environments such as the virtual classroom are particularly relevant for

research, e.g., for assessing learning processes, this severely limits VR's possibilities. Rigorous

experimental designs and the investigation of quasi-realistic learning scenarios ignore the

value of exploration, curiosity, and self-ef�cacy that VR environments can offer. Future

research could aim to bridge this gap and increase the learner's possibilities in VR through

better measurement of learning processes. For example, gaze target information could be

used in real-time in the VR environment to in�uence the behavior of virtual avatars. Students

who are being looked at could behave differently, or the teacher could intervene if participants

are not paying attention. This would enable research into adaptive behavior in the virtual
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classroom.

This thesis presented different models and methods for analyzing eye-tracking data. Nev-

ertheless, further research is necessary to explain the underlying mechanisms of information

processing and learning. Analyzing eye movement and gaze-related features can certainly

provide some insights into the learning mechanism. However, this does not account for

the complex interactions between different cognitive processes and probably misses impor-

tant patterns between eye movements and behaviors. While gaze-based attention networks

can model gaze transition information, future research should expand on the capabilities

networks and incorporate more node and edge information from different sources. The

incorporation of multiple sensory information and the use of graph neural networks might

be one approach to building computational models that predict participants' behavior. Multi-

modal data assessment, in combination with methods from computational modeling, might

provide a promising opportunity to bridge the gap between the complex nature of human

behavior and the limited information researchers are able to obtain. Future research could

speci�cally concentrate on the development of models that are dynamically able to predict

participants' behavior in virtual environments based on the sensory information collected.

Despite the great potential of analyzing human behavior via eye tracking, there are also

ethical considerations to be taken into account. When having access to rich behavioral

information, protecting the privacy of persons is inevitably important. Eye tracking data

can, for example, be used to obtain personal information like age, gender, or health [45],

[218], and therefore, privacy issues have to be handled appropriately [219]. Speci�cally, VR

eye-tracking information collected from students and children could not only be used to

improve learning but also for commercial reasons. With future research heading towards

more elaborate models of visual attention and a more detailed analysis of the learning process

[220], different approaches of privacy-preserving methods must be considered [59], [218],

[219], [221], [222].

With regard to design aspects in VR, a number of developments can be expected as a result

of the increased use of generative AI. This technology will make it increasingly easier to create

your own VR environments and generate more realistic representations [223]. There is also

great potential for education science in terms of the possibility of interaction with objects

and social avatars in the environment. The �exible creation of and interaction with virtual

learning environments can mean a further leap forward for the use of VR in educational

practice. Especially in the context of adaptive learning, generative models can be a promising

way of dynamically interacting with a VR environment.
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These further aspects provide us with an idea of the potential of VR to investigate informa-

tion processing and learning in future research and the versatile opportunities for developing

effective learning environments. While there is a great interest in VR from the research

perspective, there are fewer applications of this technology in actual practice. A great deal of

effort is still needed to translate the empirical �ndings, including those in this paper, into

practical applications.
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A.1. The impact of presentation modes on mental rotation

processing: A comparative analysis of eye movements

and performance

A.1.1. Abstract

Mental rotation is the ability to rotate mental representations of objects in space. Shepard

and Metzler's shape-matching tasks, frequently used to test mental rotation, involve pre-

senting pictorial representations of 3D objects. This stimulus material has raised questions

regarding the ecological validity of the test for mental rotation with actual visual 3D objects.

To systematically investigate differences in mental rotation with pictorial and visual stimuli,

we compared data of N Æ54 university students from a virtual reality experiment. Compar-

ing both conditions within subjects, we found higher accuracy and faster reaction times for

3D visual �gures. We expected eye tracking to reveal differences in participants' stimulus

processing and mental rotation strategies induced by the visual differences. We statistically

compared �xations (locations), saccades (directions), pupil changes, and head movements.

Supplementary Shapley values of a Gradient Boosting Decision Tree algorithm were analyzed,

which correctly classi�ed the two conditions using eye and head movements. The results

indicated that with visual 3D �gures, the encoding of spatial information was less demand-

ing, and participants may have used egocentric transformations and perspective changes.

Moreover, participants showed eye movements associated with more holistic processing for

visual 3D �gures and more piecemeal processing for pictorial 2D �gures.

A.1.2. Introduction

Mental rotation, the ability to rotate mental representations of objects in space, is a core

ability for spatial thinking and spatial reasoning [224], [225]. Mental rotation is required for

everyday skills, like map reading or navigating, and is an important prerequisite for indi-

viduals' learning [226]. Higher mental rotation performance is associated with higher �uid

intelligence and better mathematical thinking [227]. It has been found to be bene�cial for

students' learning in mathematics domains such as geometry and algebra [228]. Thus, mental

rotation ability acts as a gatekeeper for entering STEM-related �elds in higher education

[229].

A standardized test by Shepard and Metzler [230] for measuring humans' mental rotation

performance displays two-dimensional (2D) images of two unfamiliar three-dimensional
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(3D) �gures. For these pictorial stimuli, participants are instructed to determine whether the

two �gures are identical. For this, the two �gures are depicted from different perspectives by

independently rotating one of them along its axis [230], [231]. Individuals' performance in

mental rotation is re�ected by the number of correct answers and task-solving speed (reaction

time) [232], [233]. Since its initial development, this experiment has been replicated many

times [212], [233]–[235]. The test by Shepard and Metzler is one of the most frequently used

tests to examine mental rotation. It laid the foundation for understanding spatial cognition

[132], [236]–[238] and continues to be referenced in contemporary research [233], [239],

[240]. Replicating this classic experiment allows researchers to build on a well-established

foundation and examine enduring principles of mental rotation.

However, its ecological validity to assess real-life mental rotation has been questioned [241],

[242]. Developments in the �eld of virtual simulations enable experiments to be conducted

with increased ecological validity yet still under controlled and standardized conditions [16].

In particular, virtual realities (VR) have become powerful tools in psychological research [6],

[85]. VR allows for the creation of environments with 3D spatial relations that can be explored

and manipulated by users and are experienced in an immersive way [10]. This allows for the

presentation of visual 3D �gures, rendered as 3D objects in the environment, and introduces

visual and perceptual differences to pictorial (2D) stimuli.

The pictorial stimuli of the conventional mental rotation test are orthographic, parallel

representations of 3D �gures on a planar surface (as images). This pictorial representation

lacks two sources of depth information present in visual (3D) �gures when placed in a VR

environment with realistic spatial relations [47]. The �rst source of depth information is

provided by stereoscopic vision due to binocular disparity. The binocular disparity stems

from the slight offset between the two displays projected onto the two eyes in the head-

mounted display (HMD), enabling stereopsis and depth perception [243]. This depth cue is

particularly relevant for 3D vision, where it contributes to participants' ability to perceive

depth and spatial relationships between objects. The second source of depth information

is introduced by motion parallax [47], [244]. Motion parallax, also known as structure-

from-motion, emerges as a consequence of real-time head tracking and rendering based

on the observer's position within the virtual space. This dynamic depth cue allows users to

perceive the 3D structure of objects by moving their heads. As they move relative to the 3D

object, the representation of the object is updated and provides different views to identify

the object. Furthermore, shadows provide additional depth information. They occur when

physical objects interact with light sources in a VR environment. Shadows contribute to the
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perception of object volume and spatial relationships in visual �gures. Presenting mental

rotation stimuli in VR provides the most comprehensive visual information. In contrast,

rear-projection systems offer solely pictorial information [216], and stereoscopic glasses

introduce binocular disparity [245], leaving motion parallax as the �nal piece of the puzzle

added by VR [217].

This additional visual information is expected to affect participants' stimulus processing

and mental rotation strategy when solving items with visual stimuli in comparison to pictorial

representations. A series of processing steps when solving mental rotation tasks have been

identi�ed [131], [189]: (1) encoding and searching, which combines the perceptual encoding

of the stimulus and the identi�cation of the stimulus and its orientation; (2) transformation

and comparison, which includes the actual process of mentally rotating objects; (3) judgment

and response, which combines the con�rmation of a match or mismatch between the stimuli

and the response behavior.

One would expect the visual modes of presentation to introduce differences in the process-

ing steps. During encoding and searching with pictorial �gures, a model of the 3D object

structure must be recovered from a planar 2D representation [246]. This reconstruction

process has been found to be a demanding task [247] and should not be necessary with visual

�gures. One would also expect the identi�cation of the stimulus and its orientation to be

more demanding with pictorial �gures. A displayed image remains static regardless of the

observer's location; therefore, participants have to make assumptions about occluded or

ambiguous parts of the �gure. For pictorial �gures, the additional head movement might

even produce perceptual distortions described by the differential rotation effect [248], in

which the size and shape of images are perceived inappropriately when the observer is not

in the center of the projection [249]. In contrast, binocular disparity and motion parallax

would constantly update the visual 3D �gures based on the participants' relative location to

the object. Test takers can explore the visual �gures and gather additional information from

different perspectives, which should help them to identify the �gures and their orientation

more easily.

In the second step of transformation and comparison, mental rotation involves manipulat-

ing and rotating mental representations of geometric �gures in the mind. Exploiting motion

parallax with visual 3D �gures could reduce the need for extensive mental transformations.

For example, participants could reduce the rotation angle between the �gures through lateral

head movement. The rotation angle is the degree to which the �gures are rotated against each

other. This may make the comparison process more intuitive and less cognitively demanding.
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Motion parallax due to head movement could also lead to a shift from the object-based

transformation of the stimuli to an egocentric transformation [207]. In object-based trans-

formations, the observer's position remains �xed while the object is mentally rotated. An

egocentric transformation involves a change of perspective, rotating one's body to change the

viewpoint and orientation. It has been found that egocentric transformations, as a form of

self-motion, are more intuitive and result in faster and more accurate mental rotation [208].

Similar reaction times for mental and manual rotation suggest that participants mentally

align the �gures to each other for comparison [250]. Two prominent alignment strategies have

been described for mental rotation: piecemeal and holistic. The piecemeal strategy involves

breaking down the object into segments and mentally rotating the pieces in congruence

with the comparison object to assess their match. A holistic approach entails mentally

rotating the entire object and encoding comprehensive spatial information about it [251],

[252]. In their original study, Shepard and Metzler viewed the linear relationship between

rotation angle and reaction time as evidence against conceptual or propositional processing

of visual information [230], [253]. Later research, which investigated the process of rotation

itself, revealed that both a holistic and a piecemeal approach were used to align the �gures

[132], [252], [254]. When processing visual �gures, motion parallax allows for lateral head

movements, which could be used to decrease the rotation angle between the �gures by

changing perspectives. The additional depth information due to binocular disparity could

facilitate the comparison of spatial relationships between object features. These aspects

might enable a more holistic processing of the �gures.

Regarding judgment and response, participants are expected to perform better with visual

3D �gures than with pictorial 2D �gures. Lower cognitive demands during encoding might

result in faster stimulus processing. The potential to apply an egocentric transformation

and more holistic processing can be expected to lead to more ef�cient and more accurate

responses with visual 3D �gures.

The process of mental rotation is re�ected in eye movements, which capture the visual en-

coding of spatial information [189], [235]. Eye movement metrics can provide comprehensive

information on stimulus processing and mental rotation strategies [77], [235], [251], [252],

[255], [256]. Basic experiments have shown that eye movements are controlled by cognitive

processes, and consequently, it is possible to distinguish task-speci�c processes [119]. For

example, different mental rotation strategies were identi�ed and discriminated based on

�xation patterns derived from eye-tracking data [132]. Fixation measures that incorporate

spatial information are expected to reveal relevant information about stimulus processing.

45



A. Information Encoding and Cognitive Load

Different �xations on different segments of the �gures have been associated with the �rst or

second processing steps [189]. During the step of encoding and searching, the majority of

�xations targeted one segment of one �gure, whereas, in the second step of transformation

and comparison, �xations targeted all segments of both �gures equally. This should lead to a

higher �xation duration on singular segments in the �rst step and an equal �xation duration

on all parts of the �gure in the second step.

Saccadic movements between �xations, measured by saccade rate or saccade velocity,

have also been utilized to investigate mental rotation with pictorial �gures [77], [189], [257].

Directional saccadic movements containing spatial information can reveal temporal de-

pendencies in stimulus processing [189]. For example, a backward saccade that guides the

eye toward a previous location is called a regressive saccade [258]. We would expect that

the regression towards a previous location could either be a need for information retrieval

of �gure information or a back-and-forth between congruent �gure segments during the

comparison step.

Regarding mental rotation strategies, information about the number of transitions between

�gures compared to the number of �xations within the �gures has been applied to quantify

the use of holistic vs. piecemeal strategies [77], [252]. The ratio of the number of within-object

�xations divided by the number of between-objects �xations has been shown to indicate

holistic processing (ratio · 1) or piecemeal processing (ratio È 1) [252], [259].

The pupil diameter provides information about the size of the pupil in both eyes and can

be used to detect changes due to contraction and dilation. An increase in pupil diameter

has been associated with higher cognitive load [127], [128], [260], as the Locus Coeruleus

(LC) controls pupil dilation and is engaged in memory retrieval [261], [262]. Moreover, two

different measures of pupil diameter behavior have been attributed to the phasic and tonic

modes of LC activity [261]. Tonic mode activity is indicated by a larger overall pupil diameter

and is associated with lower task utility and higher task dif�culty. Phasic mode activity is

indicated by larger pupil size variation during the task and is associated with task engagement

and task exploitation [235], [263]. While solving mental rotation tasks, a larger average pupil

diameter over individual trials could indicate tonic activity, whereas a larger peak pupil

diameter as a task-evoked pupillary response could indicate phasic activity [235], [262].

Recently available devices for analyzing eye movements in VR experiments include eye-

tracking apparatuses. These devices record sensory data frame by frame to track visual

and sensorimotor information in a standardized way during experiments [264]. The VR's

HMD additionally allows for tracking head movement. Changes in head movement serve
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as a valuable indicator of whether participants make use of motion parallax. A recently

published study by Tang et al. [77] analyzed eye movements during a mental rotation task

in VR, but solely for visual 3D �gures. The results of their VR experiment showed that the

mental rotation test with visual 3D �gures replicates the linear relationship between rotation

angle and reaction time. Lochhead et al. [217], on the other hand, investigated performance

differences between pictorial and visual 3D �gures presented in VR. Their results indicated

that participants exhibited higher performance in the 3D condition compared to the 2D

condition. However, they did not use eye tracking to capture participants' visual processing

of the stimuli to potentially explain presentation mode effects on performance.

Our study used a VR laboratory (see Figure A.2) to examine individuals' mental rotation

performance for pictorial 2D �gures and visual 3D �gures with the Shepard and Metzler

test. We examined eye and head movements from N = 54 university student participants to

determine differences in stimulus processing and mental rotation strategies when solving

mental rotations with pictorial and visual stimuli. In both conditions, 28 stimuli pairs were

shown, modeled after the original �gures by Shepard and Metzler [230]. In the 3D condition,

stimuli were rendered on a virtual table in front of the participants, allowing them to view the

�gures from different perspectives by moving their heads. In the 2D condition, the stimuli

appeared on a virtual screen placed on the table at the same distance from the participants as

in the 3D conditions. A series of 3D and 2D �gures were presented, with the two conditions

randomized block-wise within each student. For each task, participants' performance in

terms of the number of correct answers and reaction time as well as eye-movement features

were recorded. The following hypotheses were formulated:

First, we expected participants' performance in solving mental rotation tasks to be better

with visual 3D �gures than with pictorial 2D �gures. Second, we expected the visual differ-

ences to evoke differences in stimulus processing and mental rotation strategies, which may

indicate differences in performance between the two modes of presentation. To investigate

this hypothesis, we analyzed how eye and head movements differed during task-solving

in both conditions. To ensure that we could compare all stimulus pairs between the two

conditions, no overall time limit was set for the experiment.

In addition to utilizing statistical analysis, we implemented a Gradient Boosting Decision

Tree (GBDT) [265] classi�cation algorithm to identify the experimental condition based on

eye and head movements. This machine learning approach surpassed traditional linear statis-

tical methods, which are often limited to linear relationships between features and the target

variable. Successfully predicting the experiment condition based on eye and head movement
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features would demonstrate the importance of these features for the distinguishing task.

Behavioral data, such as eye and head movements, are characterized by temporal depen-

dencies and determined by biological mechanisms (e.g., a �xation is followed by a saccade

and vice versa), which often results in high collinearity between the features [266]. From the

class of machine learning models, we selected GBDT rather than other models like Support

Vector Machines or Random Forest because of its ensemble approach. Ensemble methods

can handle some degree of collinearity by partitioning the feature space into separate regions

[176]. Previous research has demonstrated the suitability of GBDT models for spatial rea-

soning tasks involving geometrical objects, which are comparable to the task utilized in this

study [177].

Provided that the GBDT model classi�es the conditions correctly, a Shapley Additive Expla-

nations (SHAP) explainability approach can be applied [178]. The SHAP approach provides

information on both global and local feature importance. Global feature importance ranks

input features by their signi�cance for accurate model predictions, identifying the most

relevant features for differentiating between the experimental conditions. Local feature im-

portance supplements this by providing additional information on the relationship between

feature variables and target variables. It reveals which feature values were attributed to each

condition and how effectively those values distinguish between conditions. These aspects

complement statistical analyses and offer valuable insights into the relationship between eye

movements and mental rotation processing.

A.1.3. Results

Mental rotation performance di�erences

All participants completed both experimental conditions (2D and 3D) in a block-wise ran-

domized condition order. The mean values and standard deviations of all variables in each

condition are depicted in Table A.1. Further information about the distributions is presented

in Supplementary Table S1. We used a non-parametric, paired Wilcoxon signed-rank test

since some variables were not normally distributed. We report the Z statistics from two-tailed,

paired tests with p-values. Additionally, we applied a two-tailed, paired t-test and compared

the results for skewed distributions (Supplementary Table S2).

On average, participants spent 11 .91 minutes in VR (SD=3.65 minutes) without any breaks

in between. In the 2D condition, participants solved 83 .2% of the stimuli correctly on average

(M Æ0.832,SD Æ0.105), while in the 3D condition, they solved 88 .2% correctly ( M Æ0.882,
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Feature 2D (M § SD) 3D (M § SD)
Percentage solved correctly 0.832§ 0.105 0.882§ 0.101
Reaction time (s) 6.861§ 3.583 6.076§ 3.214
Mean �xation duration (s) 0.218§ 0.025 0.216§ 0.028
Mean �xation rate ( n / s) 2.239§ 0.266 2.301§ 0.32
Mean regressive �xation duration (s) 0.142§ 0.051 0.177§ 0.042
Equal �xation duration between �gure (ratio) 0.695§ 0.086 0.721§ 0.079
Equal �xation duration within �gures (ratio) 0.187§ 0.065 0.449§ 0.084
Strategy ratio ( 7 1) 1.488§ 0.948 0.77§ 0.292
Mean saccade velocity (°/ s) 239.186§ 20.838 250.476§ 22.439
Mean saccades rate (n / s) 2.016§ 0.466 2.151§ 0.451
Mean pupil diameter (mm) 0.039§ 0.095 ¡ 0.096§ 0.123
Peak pupil diameter (mm) 0.314§ 0.101 0.416§ 0.104
Mean distance to �gure (cm) 88.599§ 8.584 86.567§ 10.21
Mean head movement to the sides (cm) 4.942§ 3.595 5.713§ 3.438

Table A.1.: Mean values and standard deviations were aggregated on the participant level
separately for each dimension ( n Æ54). Units are either seconds (s), number per
second (n / s), a ratio between 0 and 1, or greater and smaller than 1 ( 7 1), angle in
degrees per second (±/ s), millimeters (mm), centimeters (cm), or centimeters per
second (cm/ s).

SD Æ0.101). Participants achieved a signi�cantly higher percentage of correct answers in

the 3D condition ( Z Æ243, p Æ.001) when comparing the 2D with the 3D condition in a two-

tailed test. Participants exhibited a longer reaction time (in seconds, M Æ6.861,SD Æ3.583)

in the 2D condition than in the 3D condition ( M Æ6.076,SD Æ3.214). Based on a two-tailed

test, reaction time differed signi�cantly between the conditions ( Z Æ1168,p Ç 0.001). Details

of the statistical analysis are shown in Table A.2.

To ensure that the differences in performance could not be attributed to sex differences,

we performed additional statistical analyses to verify this. No sex differences were found in

our study. This is consistent with previous research, which reported no sex differences in

experiments conducted without time constraints [234], [239] or using less abstract stimulus

materials [235], [267]. Detailed statistics can be found in Supplementary Table S3.

We veri�ed that the performance differences between 2D and 3D are not attributed to

order effects. The average reaction time was always found to be higher in the 2D condition,

regardless of the order. However, the differences were larger when the 2D condition was

presented �rst. Similar results were observed for the percentage of correctly solved stimuli,
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Feature Z P M diff 95%CI Effect size
Percentage solved correctly 243 0.001 ¡ 0.071§ 0.014 [¡ 0.089,¡ 0.036] ¡ 0.550
Reaction time (s) 1168 Ç 0.001 0.644§ 0.2 [0.317,1.02] 0.573
Mean �xation duration (s) 873 È 0.999 0.003§ 0.003 [¡ 0.002,0.008] 0.176
Mean �xation rate ( n / s) 504 0.48 ¡ 0.064§ 0.029 [¡ 0.125,¡ 0.002] ¡ 0.321
Mean regressive �xation duration (s) 113 Ç 0.001 ¡ 0.034§ 0.005 [¡ 0.045,¡ 0.024] ¡ 0.848
Equal �xation duration between �gures (ratio) 477 0.276 ¡ 0.023§ 0.01 [¡ 0.043,¡ 0.003] ¡ 0.358
Equal �xation duration within �gures (ratio) 1 Ç 0.001 ¡ 0.265§ 0.011 [¡ 0.286,¡ 0.244] ¡ 0.999
Strategy ratio ( 7 1) 1384 Ç 0.001 0.642§ 0.106 [0.446,0.868] 0.864
Mean saccade velocity ( ±/ s) 160 Ç 0.001 ¡ 11.568§ 1.692 [¡ 15.208,¡ 7.671] ¡ 0.785
Mean saccade rate (n / s) 339 0.012 ¡ 0.148§ 0.035 [¡ 0.215,¡ 0.07] ¡ 0.543
Mean pupil diameter (mm) 1438 Ç 0.001 0.134§ 0.014 [0.104,0.164] 0.937
Peak pupil diameter (mm) 38 Ç 0.001 ¡ 0.099§ 0.011 [¡ 0.121,¡ 0.079] ¡ 0.949
Mean distance to �gure (cm) 1253 Ç 0.001 1.313§ 0.681 [0.682,2.114] 0.688
Mean head movement to the sides (cm) 230 Ç 0.001 ¡ 0.618§ 0.215 [¡ 0.911,¡ 0.368] ¡ 0.69

Table A.2.: Wilcoxon signed-rank tests comparing the 2D and 3D conditions ( n Æ54). P-
values of all eye and head features were Bonferroni-corrected to account for
multiple comparisons. A positive median difference value indicates a higher
median value in the 2D condition ( § standard error). The 95% con�dence interval
for the median difference and rank biserial correlation effect size is reported. Units
are either seconds (s), number per second ( n / s), a ratio between 0 and 1, or greater
and smaller than 1 ( 7 1), angle in degrees per second (±/ s), millimeters (mm),
centimeters (cm), or centimeters per second ( cm/ s).

for which the main differences were only present if the 2D condition was presented �rst.

We also ensured that the sexes were equally distributed in both groups. The respective

descriptive statistics can be found in Supplementary Table S4. In order to ensure that mental

rotation in VR replicates expected differences, we provide additional descriptive statistics

regarding reaction time and rotation angle for each condition separately in Supplementary

Table S5.

To test for potential interaction effects between the experimental condition and the stim-

ulus type (equal, mirrored, and structural), we conducted a multi-level regression analysis

for each performance, eye, and head feature as the independent variable with condition

and stimulus type as categorical independent variables. All analysis results and a model

description can be found in Supplementary Table S10. Compared to equal �gures, mirrored

�gures revealed a signi�cantly lower percentage of correctly solved trials for the 3D condition.

Structural �gures, compared to equal �gures, showed a signi�cantly longer reaction time in

the 3D condition.
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Statistical di�erences in eye and head movements

We tested for differences in all eye and head movement features between the two conditions

using two-tailed, paired Wilcoxon signed-rank tests with aggregated values on the participant

level. To consider multiple comparisons, all reported p-values were Bonferroni-corrected

before.

Regarding �xation-related features, we found no signi�cant difference in the mean �xation

duration ( Z Æ873, p È 0.999) and the mean �xation rate ( Z Æ504, p Æ0.48). However, the

mean �xation duration following a regressive saccade differed signi�cantly between the

conditions ( Z Æ113, p Ç 0.001), with a higher duration in the 3D condition than in the 2D

condition. The feature equal �xation duration between the �gures showed no signi�cant

difference ( Z Æ477, p Æ0.276) after correcting for multiple comparisons. The feature equal

�xation duration within the �gures showed a signi�cant difference, with an equal distribution

in the 3D condition ( Z Æ1, p Ç 0.001). The strategy ratio comparing the number of �xations

within and between the �gures showed a higher mean value for the 2D condition ( Z Æ1384,

p Ç 0.001).

Regarding saccade-related features, there was a signi�cant difference in mean saccade

velocity ( Z Æ160, p Ç 0.001), with a higher mean value in the 3D condition. A higher mean

saccade rate was found for the 3D condition ( Z Æ339, p Æ0.012). Mean pupil diameter

showed signi�cantly higher values in the 2D condition ( Z Æ1438, p Ç 0.001), while peak

pupil diameter was signi�cantly lower in the 2D condition ( Z Æ38, p Ç 0.001). The mean

distance to the �gure and mean head movement to the sides differed signi�cantly with closer

distances to the �gure in the 3D condition ( Z Æ1253,p Ç 0.001) and larger head movement

to the sides in the 3D condition ( Z Æ230, p Ç 0.001).

Regarding the interaction between the experimental condition and the stimulus type, three

features showed signi�cant interaction effects. When correcting for multiple comparisons,

equal �xation duration within the �gure showed lower values in mirrored �gures (compared

to equal ones) in the 3D condition. For structural �gures (in comparison to equal ones),

participants showed a higher mean saccade velocity and a lower mean saccade rate in the 3D

condition (see Supplementary Table S9 and S10).

GBDT model capabilities

We trained a GBDT model to predict the experimental condition at the level of individual

trials based only on eye and head movement features. 80% of the data was used for training,

with a random train-test split. In 100 iterations, predictions for the test set exhibited an
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average accuracy of 0.881 (with SD Æ0.011). The best-performing model had an accuracy of

0.918. False classi�cations were balanced between the two target conditions, with 27 trials

misclassi�ed as the 2D condition and 22 misclassi�ed as the 3D condition. A confusion

matrix for the best-performing model predictions is given in Table A.3.

2D labeled 3D labeled
2D predicted 267 22
3D predicted 27 280

Table A.3.: Confusion matrix for 596 predicted trials (classi�ed as either 2D or 3D) in the test
set. Predictions of the best-performing GBDT model out of 100 iterations with a
random 80 : 20 train-test split.

Explainability results

We applied the SHAP Tree Explainer [178] to the best-performing model. Equal �xation

duration within the �gure was rated the most important feature for the GBDT model, with

smaller values leading to predicting the 2D condition and larger values the 3D condition.

The second most important feature was mean pupil diameter, with a higher mean pupil

diameter leading to predicting the 2D condition. The third most important feature was

the strategy ratio, with higher values leading to predicting the 2D condition and low values

the 3D condition. Peak pupil diameter was identi�ed as the fourth most important feature,

with the opposite tendency as mean pupil diameter. A higher peak pupil diameter led to

predicting the 3D condition. Mean distance two the �gure (5th) showed a tendency to

predict the 2D condition for higher values. However, there is higher variability in feature

values in both conditions. For the following three features, mean regressive �xation duration

(6th), mean saccade rate (7th), and mean head movement to the sides (8th), the model

showed a tendency to associate higher values with the 3D condition. The remaining features

exhibited little importance for model prediction or no clear tendency towards one condition

or the other. The results are visualized in Figure A.1. Based on the additional analysis for

multi-collinearity (see Supplementary Table S6), we found no high correlations between

the individual features. A larger negative correlation was found between mean saccade rate

and mean �xation duration ( r Æ ¡0.39) and between mean saccade rate and strategy ratio

(¡ 0.31).
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Figure A.1.: Summary plot of SHAP values for the GBDT model with the best performance
out of 100 iterations (accuracy 0.918). Features are ordered according to their im-
portance for the model's predictions. The x-axis describes the model's prediction
certainty towards 2D (left side) and 3D (right side). Data points are predicted
trials. The red color indicates that the data point has a high value for the feature,
and the blue color indicates that the data point has a low value for that feature

A.1.4. Discussion

This study used a VR laboratory to test mental rotation, presenting Shepard and Metzler [230]

stimuli in a controlled yet ecologically valid environment. Speci�cally, our study investigated

whether the mode of presentation (i.e., pictorial 2D or visual 3D �gures) evoked differences

in visual processing during task solving and affected participants' performance. Participants'

mental rotation test performance differed signi�cantly between the two presented conditions,

with higher accuracy and shorter reaction time in the 3D than in the 2D condition. These

�ndings are in line with previous research reporting better performance for 3D �gures [213],

[217]. We argued that the direct encoding of visual �gures would allow for faster and easier

processing in the 3D condition, leading to a decrease in response time. In addition, we argued

that access to depth information via binocular disparity and motion parallax would enhance

stimulus perception and facilitate the transformation and comparison of visual �gures. These

53



A. Information Encoding and Cognitive Load

factors could have led to improved performance on mental rotation tasks in the 3D condition.

In addition, motion parallax in the 3D condition provided the opportunity to use head

movements to change perspective (e.g., egocentric perspective taking). In combination with

easier perception of the geometric structure of the �gures, this could have led to a more

holistic processing of the stimuli.

We analyzed eye and head movement information to substantiate these assumptions. We

argued that the changes introduced by the mode of presentation and their effect on stimulus

processing and mental rotation strategies can be investigated by analyzing participants'

visual behavior. The successful training of the GBDT model indicated that the eye and head

movement features provided valuable information to distinguish between the two conditions.

Statistical analysis, as well as SHAP values, discriminated different eye and head movement

patterns in both conditions.

Overall, our results indicate that the additional information provided by motion parallax

led to more pronounced head movement to the sides and a closer inspection of the visual

3D �gures. In turn, directly inspecting hidden parts of the depicted �gures by changing

perspective could have resulted in a less ambiguous perception of the �gure [268].

At a more detailed level, our �ndings suggest that �xation patterns in the 2D condition

related more strongly to the �rst processing step of encoding and searching, while patterns

in the 3D condition were related to the step of transformation and comparison. Xue et al.

[189] found that the �rst step was associated with more �xations on particular segments

of the �gures. In contrast, the second step showed a more equal distribution of �xations

across all segments of the �gures. The SHAP value analysis indicated that the two conditions

mostly differed in �xation duration within the �gures. A less equal distribution within the

�gures, which implies longer �xations on particular segments, was found in the 2D condition.

This supports the claim that the availability of depth information through motion parallax

and binocular disparity accelerated the initial encoding of the visual �gures and allowed

participants to move more quickly to subsequent steps. In the same vein, a lower saccade

velocity was found in the 2D condition, indicating more saccades within particular segments

of the �gures. However, in the 3D condition, participants moved their heads, on average,

closer to the �gures. This increases the saccade amplitude since the distances between and

within �gures become larger, which in turn increases saccade velocity [269]. The inverse

correlation of ¡ 0.24 between saccade velocity and distance to the �gure indicates that, at

least to some degree, saccade velocity is affected by participants' head movements (see

Supplementary Table S6).
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Furthermore, the mean pupil diameter was larger in the 2D than in the 3D condition,

while the peak pupil diameter was smaller in the 2D condition than in the 3D condition.

The larger mean pupil diameter as an indicator of tonic activity could imply higher task

dif�culty and lower task utility in the 2D condition. This can be further supported by the

lower saccade rate in the 2D condition. A decreasing saccade rate was previously associated

with an increase in task dif�culty [270]. In contrast, the smaller peak pupil diameter as an

indicator of phasic activity could imply lower engagement and less task-relevant exploitation

of the 2D task. These results provide further evidence that the �rst step of encoding might

be more demanding for the pictorial 2D �gures, and additional information due to head

movement might have facilitated task-relevant exploitation. Moreover, a shorter average

�xation duration after a regressive saccade in the 2D condition could indicate a need for

more information retrieval when trying to maintain a 3D mental model of the �gures in mind.

At the same time, our study �ndings indicate that presentation mode might confound

previous research on individuals' strategies for solving mental rotation tasks. The presen-

tation of 2D �gures was more strongly related to features indicating a piecemeal strategy

than the presentation of 3D �gures. This was implied by differences in the strategy ratio used

to distinguish between holistic and piecemeal strategies [247], [252]. Our results showed

that participants in the 2D condition moved their gaze more frequently within a �gure and

switched fewer times between �gures than in the 3D condition. Consequently, one might

assume that the 2D presentation mode could evoke piecemeal processing. In this case,

however, the strategy ratio not only re�ected the way in which the �gures were compared

but could also be affected by differences in the �rst step of encoding the �gures. Our results

clearly speak to the relevance of different processing steps, which need to be considered

more carefully in future research. For instance, the reason why mental rotation seems to

be easier with more natural stimuli [267] could be that encoding �gure information is less

demanding.

Results of the interaction analysis indicated that a faster encoding of the �gure and more

holistic processing in 3D were associated with some costs. Participants made relatively more

mistakes with mirrored stimuli in the 3D condition, and took a relatively longer time for

structural �gures compared to equal �gures. In addition, eye movement features showed that

participants took more time investigating speci�c parts of the �gure for structural stimuli

compared to equal stimuli in the 3D condition. When searching for the misaligned segment

in structurally different stimuli, participants potentially switched from a holistic strategy to a

piecemeal strategy, which in turn resulted in longer reaction time with this stimulus type.
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In sum, our study showed how eye and head movements could be used to investigate

systematic differences in stimulus processing and mental rotation strategies across different

modes of presentation. However, we are also aware of the potential limitations of the present

study. Although we were able to show that the mode of presentation causes a difference in

processing, we cannot determine, for example, in which of the steps individuals with high

and low abilities differ. Furthermore, our results suggest that the strategies used are related

to the mode of presentation. Although we identi�ed strategies using a common indicator

[247], [252], future studies should expand on this using more elaborate methods, such as

ones allowing for time-dependent analyses. Moreover, the accuracy of the VR eye tracker

was a technical limitation of our study. Previous studies using the same eye-tracking device

have reported lower gaze accuracy in the outer �eld of view [169]. By using the VIVE Sense

Eye and Facial Tracking SDK (Software Development Kit) to capture eye-tracking data in

the Unreal engine, the frame rate of the eye tracker was adjusted to the lower refresh rate

of the game engine. Therefore, our eye tracking in VR did not provide the same spatial and

temporal resolution as remote eye trackers. There was also a limitation regarding the usability

of head-mounted displays (HMD). Although we used the latest VR devices in our experiment,

the participants had the added weight of the HMD on their heads, and we had to connect

the HMD device to the computer with a cable. This limited the participants' freedom of

movement to some degree and may have affected the extent of their head movement and

natural exploration. Another limitation concerns a possible confounding effect between head

movement and �xations due to the vestibular eye re�ex. This re�ex stabilizes vision when

�xating during head movement and could, therefore, compromise �xation-related features

due to the in�uence of automated adjustments [271], [272]. The bivariate correlations

between ¡ 0.07 and 0.11 revealed only small relationships between both head movement and

all �xation-related features for both the 2D and 3D conditions on the level of individual trials

(see Supplementary Table S7 and S8). While one cannot rule out the effect of vestibular eye

re�ex on �xation-related features, the study �ndings indicated a similarly small in�uence of

the vestibular eye re�ex on �xations in both conditions.

Despite these limitations, VR proved to be a useful tool to test mental rotation ability in

an ecologically valid but controlled virtual environment. We made use of integrated eye

tracking to learn more about the impact of presentation modes on stimulus processing and

mental rotation strategies when solving Shepard and Metzler stimuli. Our results indicated

that mental rotation places different demands on different processing steps when processing

pictorial or visual �gures. The demands that pictorial 2D �gures place on participants, from
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encoding to rotating the �gures, seem to be ameliorated by the provision of additional visual

information. More importantly, our results suggest that 2D �gures evoke piecemeal analytic

strategies in mental rotation tasks. This, in turn, leads to the question of whether piecemeal

processing tells us more about the ability to create and maintain 3D representations of 2D

images than it does about the ability to rotate one 3D �gure into another.

A.1.5. Methods

Participants and procedure

During data collection, 66 university students participated in the experiment. Due to missing

eye-tracking data, we had to exclude 12 participants. Data from 54 participants remained

for the analysis. In the remaining sample, 33 participants stated their sex as female and 21

as male. Participants' average age was 24.02 (SD Æ7.24), and 35 of them needed no vision

correction, while 19 wore glasses or contact lenses.

The experiment took place in an experimental lab at a university building. After providing

written informed consent to participate, participants completed a pre-questionnaire. The pre-

questionnaire asked for socio-demographic and personal background information. Before

using the VR, participants were informed about the functionality of the device and a �ve-

point calibration was performed with the integrated eye tracker. After that, participants

conducted the mental rotation test in VR. In the test, participants had to go through 60

stimuli one after another. Each stimulus displayed two Shepard and Metzler �gures, for

which participants had to respond whether they were equal or unequal using the handheld

controllers [230]. 30 of the stimuli were presented on a virtual screen, replicating a classical

computerized Shepard and Metzler test (2D condition). The other 30 stimuli were displayed

as 3D-rendered objects �oating above a table (3D condition). Participants were randomly

assigned to �rst see all 2D or all 3D stimuli. Randomization was used to balance out any

kind of sequence effect. Out of the 54 participants, 31 saw the 2D experimental condition

�rst, and 23 saw the 3D experimental condition �rst. No time limit was set for completing

the tasks. After completing the experiment, participants received compensation of 10 " . The

total experiment did not exceed one hour, and the VR session did not exceed 30 minutes. To

complete both VR conditions, participants spent, on average, 11 .91 minutes in VR (SD=3.65

minutes) without any breaks in between. The study was approved by the ethics committee of

the Leibniz-Institut für Wissensmedien in Tübingen in accordance with the Declaration of

Helsinki.
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Experiment Design

VR environment

The VR environment was designed and implemented in the game engine Unreal Engine

2.23.1 [273]. Participants sat on a real chair in the experiment room and entered a realistically

designed virtual experiment room, where they also sat on a virtual chair in front of a desk

(see Figure A.2). Before the start of the mental rotation task, instructions were shown in

the 3D condition on a virtual blackboard located behind the experimental table in the

participants' direct line of sight, whereas for the 2D condition, the instructions were presented

on the virtual screen display. Participants were instructed to solve the tasks correctly and

as quickly as possible. Additionally, participants completed one equal and one unequal

Figure A.2.: Images taken from our VR environment show the virtual experiment room as well
as example stimuli from the 2D and 3D conditions embedded in the environment.

example stimulus pair, after which they received feedback on whether the examples were

solved correctly or incorrectly. After they responded with the controllers, a text was displayed

on the blackboard or the screen. The stimuli appeared at a distance of 85 cm from the

participants. For the 2D condition, the stimulus material appeared on a virtual computer

screen placed on the desk. During the 2D condition, the screen was visible at all times; only

in the center of the screen did the �gures appear and disappear. In the 3D condition, the

stimulus material appeared �oating above the table. The 3D �gures were rendered as 3D

objects in the environment, which allows the �gures to be viewed from all perspectives. The

distance to the center of the 3D �gures was the same as the distance to the screen in the

2D condition. The �gures were also placed at the same height in both conditions. Before a

stimulus appeared, a visual 3-second countdown marked the start of the trial. Participants

then decided whether �gures were equal or unequal and indicated their response by clicking

the right or left controller in their hands (left = unequal, right = equal). Instructions on using

the controllers were displayed on the table in front of them.
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Stimulus Material

Our mental rotation stimuli were replications of the original test material by Shepard and

Metzler [230]. The 2D mental rotation test was designed as a computerized version and

presented on the VR virtual screen. For the immersive 3D condition, the original test mate-

rial was rendered as 3D objects in VR. In both conditions, each stimulus consisted of two

geometrical �gures presented next to each other.

One �gure was always a true-to-perspective replication of the Shepard and Metzler material

used in previous experiments [213], [274]. These �gures and their form of presentation have

been used in various studies and provide a reliable and valid basis for our experimental

material [225], [235], [275], [276]. These stimuli were created by rotating and combining ten

base �gures [277]. Each base �gure was a 3D geometrical object composed of 10 equally

sized cubes appended to each other. The cubes formed four segments pointing in different

orthogonal directions. This resulted in three possible combinations for the �gure pairs: Either

they were the same (equal pairs) or not the same (unequal). If unequal �gure pairs had the

same number of cubes per segment, but one �gure was a mirrored re�ection of the other,

we called it an unequal mirrored pair. If the unequal �gure pairs were similar, except one

segment pointed in a different direction, we called it an unequal structural pair. Examples for

all three stimulus types are depicted in Figure A.3. Variation in task dif�culty was induced by

rotating one �gure along its vertical axis by either 40, 80, 120, or 160 degrees while keeping

the other �gure in place. Ergo, each stimulus showed one of the four rotation angles. Due to

incorrect visual displays, two stimuli had to be removed from the experiment since different

�gures were presented in the two conditions. This resulted in 28 stimuli used for data analysis.

For all 28 stimuli, we ensured a relatively equal distribution of all four displacement angles

and an equal number of equal and unequal trials. The distribution of stimulus characteristics

can be found in Table A.4.

We rendered the �gures using the 3D modeling tool Blender [278]. For the 2D condition,

we took snapshots in Blender. For the 3D condition, we imported the 3D models into the

VR environment. The 3D models could then be displayed, positioned, and rotated there. To

compare the 2D and 3D conditions, we used the same combination of base �gures and the

same rotation angles in each stimulus. The �gures' rotation direction and left-right position

were varied to reduce memory effects.
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