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Abstract

Visual impairments, including cataracts, age-related macular degeneration, and glaucoma,
al[edt millions globally, o [en progressing gradually and unnoticed until a signi [cant part of
vision is lost. These visual impairments lead to irreversible vision loss if le Cuhtreated. At the
same time, treatment is available to slow the progression of these conditions, underscoring
the importance of early detection and intervention. This dissertation explores how gaze
behavior changes in response to cataracts, age-related macular degeneration, and glaucoma,
and evaluates the feasibility of using these changes for early detection through gaze-based
machine learning models. Framed within the broader goals of preventive healthcare, this
work introduces a comprehensive framework for building scalable, low-burden, and privacy-
preserving diagnostic systems grounded in eye tracking.

To achieve this, the dissertation addresses three core research objectives. First, it investi-
gates how simulated cataracts, glaucoma, and age-related macular degeneration a [eck gaze
patterns during visual tasks in high- [dality virtual environments. Itutilizes perceptually vali-
dated simulations, re [ndd through structured interviews with individuals directly a [edteds.
This work captures nuanced behavioral adaptations, such as altered [xation rates, reduced
saccadic amplitudes, and increased task durations. Notably, the early stages of cataract and
glaucoma o [ed resulted in measurable gaze changes before participants became consciously
aware of any visual degradation, highlighting gaze-based detection as a promising avenue for
early screening.

Second, building on the [Ading that visual impairments induce measurable changes in eye
movements, the thesis investigates how these changes can be reliably detected using machine
learning. A central challenge in this e [ari is the presence of blink-related artifacts and missing
data, which can distort gaze signals and compromise model performance. We conduct a
structured literature review and identify inconsistencies in how such artifacts are handled
across existing studies. In response, we introduce and validate a standardized preprocessing
pipeline using 11 public datasets. Our empirical evaluation demonstrates that trimming
blink-related artifacts up to 70 ms before and 118 ms a [eda blink with empirically derived
thresholds and applying interpolation methods such as linear or cubic splines signi Ccantly
enhances model reliability, particularly in sequence models such as long short-term memory
neural networks. Using this pipeline, we allow for more consistent and reproducible gaze
data handling, which is crucial for training robust predictive models.

Third, my dissertation evaluates the application of gaze-based models for real-time detection
and monitoring of central [eltl loss. Using an existing dataset with simulated gaze-contingent
scotomas, we compare traditional feature-based classi [enrs (support vector machines and
random forests) with deep learning models (long short-term memory neural networks)
trained on raw gaze sequences. Both approaches achieved high accuracy and precision
in identifying central [eld loss conditions. Importantly, we introduce a novel cost-bene [1]
framework that considers both model performance and computational latency. This analysis



identi [eda 1600 ms gaze window as the optimal balance between accuracy and responsiveness,
enabling deployment on consumer-grade devices such as smartphones or tablets.

A Led this, we integrate the [ndings across the three chapters to demonstrate that gaze
behavior can reveal subtle and condition-speci [c3igns of visual impairment before conscious
awareness. Simulations of cataracts, glaucoma, and age-related macular degeneration in
virtual reality revealed measurable changes in gaze behavior, such as increased [xation
rates and altered saccades, that aligned with clinical symptomatology from the literature. By
validating simulation realism through interviews, the studies aim to stay close to ecological
[delity. Further, a standardized preprocessing pipeline for blink-induced gaps improved
signal quality and model reliability. Finally, long-short-term memory neural networks proved
capable of detecting early-stage central [eltl loss from short gaze windows, balancing accuracy
and e Lciehcy. Together, these results position gaze-based monitoring as a promising tool for
scalable, preventive screening of vision disorders.

In conclusion, this dissertation makes three key contributions: (1) a detailed characterization
of gaze behavior under di Lerknt types and severities of visual impairment, (2) a standardized
and validated preprocessing pipeline to handle blink-induced artifacts in gaze data, and
(3) the demonstration of gaze-based predictive models for early detection of central [eld
loss, optimized for real-time, low-latency applications. These [ndings form the foundation
for future gaze-based diagnostic systems that integrate seamlessly into daily interactions,
enabling scalable and privacy-aware screening tools that support timely intervention and
reduce the long-term burden of undiagnosed vision loss.



Zusammenfassung

Sehbeeintrachtigungen wie Katarakte, altersbedingte Makuladegeneration und Glaukome
betre [ed weltweit Millionen von Menschen und schreiten o [séhleichend und unbemerkt
voran, bis ein betréachtlicher Teil des Sehvermégens verloren gegangen ist. Unbehandelt
konnen diese Seheinschrankungen zu irreversiblem Sehverlust fihren. Mittlerweile stehen
Therapien zur Verfigung, die das Fortschreiten dieser Erkrankungen verlangsamen kén-
nen, was die Relevanz einer friihzeitigen Diagnose und Intervention unterstreicht. Diese
Dissertation untersucht, wie sich das Blickverhalten als Reaktion auf Katarakte, altersbeding-
te Makuladegeneration und Glaukom verandert, und evaluiert das Potenzial der Nutzung
dieser Veranderungen zur Friherkennung durch blickbasierte maschinelle Lernmodelle.
Es wird ein umfassendes Framework fur den Bau skalierbarer, belastungsarmer und daten-
schutzfreundlicher Diagnosesysteme auf der Grundlage von Eye-Tracking vorgestellt, das
thematisch in die umfassenderen Ziele der Gesundheitsvorsorge eingebettet ist.

Um dies zu erreichen, werden in dieser Dissertation drei zentrale Forschungsziele verfolgt.
Zunachst wird untersucht, wie simulierte Katarakte, Glaukome und altersbedingte Maku-
ladegeneration das Blickverhalten bei Sehaufgaben in einer realitdtsnahen virtuellen Um-
gebung beein [udsen. Dabei werden wahrnehmungsbasierte Simulationen verwendet, die
durch strukturierte Interviews mit Betro [erlen verfeinert wurden. Diese Arbeit deckt subtile
Verhaltensanpassungen auf, wie z. B. verdnderte Fixationsraten, reduzierte sakkadische
Amplituden und eine erhohte Aufgabendauer. Bemerkenswert ist, dass die friihen Stadien
von Katarakt und Glaukom o [zih messbaren Blickveranderungen fiihrten, bevor sich die Teil-
nehmer einer Sehverschlechterung bewusstwurden, was die blickbasierte Friiherkennung
als einen vielversprechenden Ansatz hervorhebt.

Zweitens wird, basierend auf der Erkenntnis, dass Sehbehinderungen messbare Verande-
rungen der Augenbewegungen hervorrufen, untersucht, wie diese Veranderungen mithilfe
von maschinellem Lernen zuverlassig erkannt werden kénnen. Eine wesentliche Heraus-
forderung dabei sind Artefakte, die durch Blinzeln und fehlende Daten entstehen, wodurch
Blicksignale verzerrt und die Leistung des Modells beeintrachtigt werden kann. Wir fiihren
eine strukturierte Literaturrecherche durch und identi [zieren Inkonsistenzen im Umgang
mit solchen Artefakten in bestehenden Studien. Als Antwort darauf filhren wir eine standar-
disierte Aufbereitungspipeline ein und validieren sie anhand von 11 6 [edtlichen Datenséatzen.
Unsere empirische Auswertung zeigt, dass das Abschneiden von blinzelbezogenen Artefakten
bis zu 70 ms vor und 118 ms nach einem Blinzeln anhand empirisch abgeleiteter Schwel-
lenwerte und die Anwendung von Interpolationsmethoden wie linearen oder kubischen
Splines die Modellzuverlassigkeit deutlich erhéht, insbesondere bei Sequenzmodellen wie
neuronalen Netzen mit Long Short-Term Memory. Mit dieser Pipeline ermoglichen wir ei-
ne konsistentere und reproduzierbarere Handhabung der Blickdaten, was fUr das Training
robuster Vorhersagemodelle entscheidend ist.

Drittens evaluiert meine Dissertation die Anwendung von blickbasierten Modellen fur die



Echtzeit-Erkennung und Uberwachung des Verlusts des zentralen Gesichtsfeldes. Anhand
eines bestehenden Datensatzes mit simulierten blickabhangigen Skotomen vergleichen wir
traditionelle merkmalsbasierte Klassi [kdtoren (Support Vector Machines und Random Fo-
rests) mit Deep-Learning-Modellen (neuronale Netze mit Long Short-Term Memory), die auf
rohen Blicksequenzen trainiert wurden. Beide Ansétze erreichten eine hohe Korrektklassi [_]
kationsrate und Relevanz bei der Identi [zierung zentraler Gesichtsfeldausfélle. Insbesondere
fuhren wir ein neues Kosten-Nutzen-Framework ein, das die Modellleistung und die Berech-
nungslatenz bericksichtigt. Die Analyse hat gezeigt, dass ein Blickfenster von 1600 ms das
optimale Gleichgewicht zwischen Genauigkeit und Reaktionsschnelligkeit darstellt und damit
den Einsatz auf Verbrauchergeraten wie Smartphones oder Tablets ermdglicht. Anschlie-
Rend werden die Ergebnisse aus den drei Kapiteln zusammengefiihrt, um zu zeigen, dass das
Blickverhalten subtile und krankheitsspezi [sche Anzeichen einer Sehbehinderung aufzeigen
kann, bevor diese bewusst wahrgenommen wird. Simulationen von Katarakten, Glaukomen
und altersbedingter Makuladegeneration in der virtuellen Realitat ergaben messbare Veran-
derungen im Blickverhalten, wie erhdhte Fixationsraten und veranderte Sakkaden, die mit
der klinischen Symptomatik aus der Fachliteratur tibereinstimmten. Durch Uberpriifung der
Realitatstreue der Simulation anhand von Befragungen zielen die Studien darauf ab, die Rea-
litdt genau abzubilden. Dariber hinaus werden die Signalqualitat und die Zuverlassigkeit des
Modells durch eine standardisierte Aufbereitung der Liicken, die durch Blinzeln verursacht
werden, verbessert. Schlussendlich hat sich gezeigt, dass neuronale Netze mit Long Short-
Term Memory in der Lage sind, den Verlust des zentralen Gesichtsfeldes im Frihstadium aus
kurzen Blickfenstern zu erkennen und dabei ein Gleichgewicht zwischen Genauigkeit und
E [ziehz zu erzielen. Diese Ergebnisse machen Blickerfassung zu einem vielversprechenden
Instrument fur ein skalierbares, praventives Screening von Sehstérungen.

Diese Dissertation leistet daher drei wichtige Forschungsbeitrage: (1) eine detaillierte Cha-
rakterisierung des Blickverhaltens bei verschiedenen Arten und Schweregraden von Seh-
beeintrachtigungen, (2) eine standardisierte und validierte Pipeline zur Aufbereitung von
Blickdaten, um durch Blinzeln verursachte Artefakte zu behandeln, und (3) die Demonstration
von blickbasierten Vorhersagemodellen fur die friihzeitige Erkennung des Verlusts des zentra-
len Gesichtsfelds, die flr Echtzeitanwendungen mit geringer Latenzzeit optimiert sind. Diese
Forschungsergebnisse bilden die Grundlage flr kin gk blickbasierte Diagnosesysteme, die
sich nahtlos in den Alltag integrieren lassen und skalierbare und datenschutzfreundliche
Screening-Tools ermdglichen. Diese Tools kdnnen das rechtzeitige Eingreifen unterstttzen
und die langfristige Belastung durch nicht diagnostizierte Sehbeeintrachtigungen verringern.

Vi
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1

INTRODUCTION

Seeing clearly and responding e ectively to visual information is fundamental to nearly all
aspects of everyday life. Vision enables navigation, social interaction, reading, and countless
daily tasks o en taken for granted until impairment occurs. Yet, visual impairments remain
among the most prevalent and underdiagnosed health conditions globally [279]. As societies
age and the global population continues to grow, the incidence of vision-related disorders is
expected to rise signi cantly [175], placing new demands on public health infrastructures.
In response, many healthcare systems increasingly turn to technological innovations for
early screening, behavioral monitoring, and individualized risk prediction [118, 255]. Early
detection and preventive strategies for vision loss have become an urgent priority within this
paradigm shi . This comes as no surprise, as current technologies for detecting vision im-
pairments are not scalable (and are therefore expensive) and place the burden on the patient.
Gaze data is a great choice for use as an early detection modality as it is passive, unobtrusive,
and rich in behavioral indicators. Unlike retinal imaging, it does not require specialized
equipment or trained personnel. Moreover, privacy can be preserved by avoiding collecting
raw video or biometric identi ers, a major concern in digital health applications [241]. These
characteristics make eye tracking attractive for proactive screening and long-term moni-
toring across various health domains. In this dissertation, we investigate how eye-tracking
and machine learning can be combined to detect early signs of cataracts, age-related macu-
lar degeneration, and glaucoma by analyzing gaze behavior. This approach o ers scalable
and low-burden screening alternatives that align with a broader shi toward preventive
healthcare systems.

Preventive healthcare has emerged as a prevalent paradigm in modern medicine. Tradition-
ally, healthcare systems focused on diagnosing and treating disease a er symptoms arise.
However, late-stage disease progression's economic and societal costs have motivated a global
pivot toward early detection and prevention [168, 184]. Countries such as Japan, the United
States, and members of the European Union have expanded national health policies to include
screening programs for non-communicable diseases, which account for more than 70% of
global mortality [76, 250]. Advances in digital health technologies, wearable sensors, and
Al-based decision-making tools have accelerated this transition. These tools have demon-
strated considerable promise in cardiovascular care [258], cancer risk prediction [63], and
metabolic disease monitoring [270]. However, despite its considerable global burden, vision
loss has been comparatively overlooked in preventive care frameworks. The World Health
Organization reports that at least 1 billion people are a ected by vision impairments that
could have been prevented or have yet to be addressed [278]. Many of these impairments,
such as cataracts or early-stage age-related macular degeneration (AMD), are either treatable
or manageable if detected early. This highlights the need to develop proactive, continuous,
and accessible screening mechanisms for ocular health.



Introduction

In this dissertation, we contribute to addressing that gap by introducing gaze-based screen-
ing as a viable method for early detection of cataracts, age-related macular degeneration,
and glaucoma. These conditions can all lead to gradual, o en unnoticed vision decline. For
example, central eld loss (CFL) typically arises from AMD [75], while peripheral vision
loss is commonly associated with glaucoma [178], and cataracts cause generalized blurring
and contrast loss [133]. Early stages of these impairments are frequently asymptomatic or
misattributed to normal aging [71], resulting in delayed diagnosis and lost opportunities for
intervention. Individuals o en adapt to progressive vision changes without conscious aware-
ness, developing compensatory behaviors such as altered xation strategies or increased
reliance on peripheral cues, like the preferred retinal loci for CFL [222]. However, gaze be-
havior including xation stability, saccadic latency, and exploration patterns is known

to change systematically in response to visual eld degradation [51, 136]. This makes eye
tracking a compelling candidate for non-invasive, behaviorally-grounded vision screening,
particularly in community or home-based contexts where access to specialized diagnostics
may be limited.

To investigate the feasibility of gaze-based visual impairment detection, this dissertation
adopts a multidisciplinary approach that spans simulations, data collection, machine learning,
and user studies. A central method in this work is using high- delity simulated impairments,
such as gaze-contingent CFL, to approximate vision loss in normally-sighted participants.
This method has gained traction in vision science and accessibility research for its ability
to generate reproducible conditions [89, 132, 232]. Simulated impairments o er several
advantages: they enable controlled comparisons between healthy and impaired conditions,
allow for rapid iteration in experimental designs, and provide training datasets that are
otherwise di cult to collect from patient populations due to clinical constraints or diversity

in disease presentation.

Throughout this dissertation, we leverage eye tracking within controlled simulation environ-
ments to model visual behavior under various impairments, speci cally focusing on cataracts,
glaucoma, and AMD. In these experiments, we analyze changes in oculomotor parameters
such as xation dispersion, saccade trajectories, and pupil dynamics. For example, we explore
how AMD causes destabilized xations, slower target acquisition, and increased microsac-
cadic activity. These subtle yet quanti able behavioral signals provide the foundation for
building predictive models. We then use this data to train and evaluate machine learning
models capable of distinguishing between impaired and unimpaired conditions.

To enable scalability and lower the barrier to early detection, we aim to leverage machine
learning models to evaluate individuals' gaze behavior for patterns that may indicate the pres-
ence of visual impairments. To evaluate the feasibility, we have implemented and compared
several machine learning algorithms, including Support Vector Machines (SVMs), Random
Forests (RFs), and Long Short-Term Memory (LSTM) networks. Each of these models o ers
distinct advantages. SVMs are well-suited for high-dimensional classi cation problems and
have been used extensively in eye-tracking research [171]. RFs provide robustness, feature
interpretability, and built-in mechanisms for dealing with missing or noisy data, which is



Research Questions

especially valuable in clinical contexts [54]. LSTMs are particularly e ective for modeling
time-series data, making them ideal for analyzing gaze sequences with temporal dependen-
cies. Their ability to learn from sequential patterns allows for more sophisticated modeling
of gaze behavior, especially in prolonged interactions or dynamic tasks.

One challenge that is still not addressed is the presence of gaps in eye-tracking data (e.g.,
through blinks). LSTM and other neural network models are unable to handle missing data,
and these gaps in data will not only interrupt the data stream but can also introduce mislead-
ing signals if not properly accounted for. Although commercial eye trackers like EyeLink
and Tobii o er built-in blink detection, the methods used vary in reliability. These methods
are not always reported in academic studies that we found in our work. Moreover, post-
processing strategies for dealing with blink-related missing data are inconsistently applied
across the literature. We systematically review blink detection practices and evaluate several
in lling strategies (e.g., linear interpolation, cubic splines) to mitigate their impact on ma-
chine learning performance. Our ndings demonstrate that certain preprocessing pipelines
can signi cantly reduce the error introduced by blink artifacts, thereby increasing model
robustness.

The last important contribution of this dissertation is introducing a cost-bene t framework
that accounts for model accuracy and runtime performance. The trade-0 between inference
time and predictive reliability is critical in clinical screening applications, particularly in
resource-constrained environments or real-time systems. Our evaluations show that while
LSTMs achieve high accuracy with longer gaze windows, their computational cost can be
prohibitive for embedded systems or continuous monitoring. We identify optimal window
sizes (e.g., 1600 ms) that balance predictive accuracy and latency, enabling practical de-
ployments without compromising diagnostic value. This cost-aware perspective aligns with
broader trends in applied Al, where deployment constraints are considered alongside model
performance.

In summary, this dissertation contributes to the advancement of gaze-based health diagnostics
by demonstrating that there are di erences in eye movements, even before the user becomes
consciously aware of the visual impairment, introducing a gaze processing pipe line and by
demonstrating that central eld loss, a leading cause of vision impairment worldwide, can
be detected from natural eye movement behavior using machine learning. It bridges the gap
between technical feasibility and healthcare relevance, supporting the integration of vision
screening into the evolving landscape of preventive, personalized, and accessible medicine.
Ultimately, the work aims to inform the design of future diagnostic systems that are clinically

e ective, socially responsible, ethically grounded, and widely deployable.

1.1 Research Questions

This dissertation investigates how gaze behavior and eye-tracking data can be leveraged
to detect early signs of visual impairments through a combination of simulation, machine
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learning, and robust data processing. The overarching aim is to explore the feasibility of
scalable diagnostic methods that align with the goals of preventive healthcare.

To achieve this, the research is structured around three main themes: (1) the design and
use of simulated visual impairments in virtual reality (VR) to understand their e ects on
gaze patterns, (2) the role of blink artifacts and missing data in gaze-based systems and their
impact on reliability, and (3) the development of machine learning models for real-time CFL
detection. Table 1.1 provides an overview of the research questions (RQs) that guided the
work throughout this thesis.

Table 1.1: Overview of the research questions addressed in this dissertation.

RQ  Research Question Chapter
RQ1 Can gaze patterns in VR simulations reveal signs of visual impairments? 3
RQ2 How should we deal with gaps in eye-tracking data for machine learning models? 4
RQ3 Is real-time detection of central eld loss possible using eye-tracking data? 5

The rst question ( RQJ focuses on how simulations of vision loss in virtual reality can reveal
changes in gaze behavior and facilitate early-stage detection of impairments. This includes
identifying the speci ¢ characteristics in eye movements associated with di erent types
and severities of simulated vision loss and determining the threshold at which gaze-based
indicators become reliably detectable even in the absence of conscious awareness.

The second question (RQ2) investigates how blink-related artifacts a ect data quality and
system performance in gaze-based applications. Given the variability in blink detection and
handling strategies across studies, this question explores current HCI practices and the gen-
eralizability of ndings across di erent hardware and experimental contexts. Furthermore,
the impact of artifact mitigation techniques on deep learning performance is examined in
detail.

The nal question ( RQ3J) addresses the feasibility of real-time CFL detection using continuous
eye-tracking data. Here, we evaluate the performance of traditional machine learning ap-
proaches on engineered features and investigate whether deep learning models can improve
predictive accuracy when trained on raw gaze sequences. We also examine the trade-o s
between accuracy and computational cost to identify optimal con gurations for real-time
deployment.

1.2 Research Context

This thesis is built on work conducted at the Chair for Human-Centered Ubiquitous Media
and the Media Informatics Group at LMU Munich over approximately ve and a half years.
My PhD was primarily supervised by Prof. Albrecht Schmidt, the head of the research group.
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Throughout this time, | collaborated with researchers and project partners across multiple in-
stitutions to conduct studies, co-organize events, and co-author papers. These collaborations
are highlighted in Table 7.1 at the end of the thesis.

Integrated Diagnosis and e-Assistance for people with visual impairments (IDeA) The
rst part of this thesis was conducted as part of IDeA, which was funded by the BMBF (grant
no. 16SVv8102) and the work of many involved project partners. Blickshi GmbH, NMY Mixed-
Reality Communication GmbH, Talkingeyes&More GmbH, and the University of Tubingen.
Within IDeA, we investigated the use of eye-tracking data to detect visual impairments and
to develop assistive technologies for people with visual impairments. The work conducted
within IDeA resulted in the following publications [79, 143].

Munich Center for Machine Learning (MCML): The nal portion of this thesis was con-
ducted as part of the Munich Center for Machine Learning (MCML) at LMU Munich. The
MCML connects y principal investigators and over 100 PhD students from LMU Munich
and TUM researching Al-related topics. Within project C5: Humane Al we investigate human-
computer interaction and other human-centered Al topics. The work conducted with MCML
resulted in several papers [67, 80, 81, 82, 83, 84, 85, 86, 273].

Due to the collaborative nature of research, every publication was a joint e ort with fellow
researchers and students. As such, | use the scienti c term we throughout the thesis.

1.3 Thesis Outline

This dissertation comprises seven chapters, the bibliography, appendix, and the enumerating
lists. This work contains the results and evaluations of a total of seven empirical studies
between fall 2019 and early 2025. This work is structured as follows:

Chapter 1: Introduction contains the description and motivation of this dissertation, an
overview of the research questions, the research context, and this outline.

Chapter 2: Related Work comprises the related work to put preventive healthcare through
eye tracking central for visual impairments. Moreover, this chapter also contains the speci ¢
related work to connect the three research questions with its speci c related work.

Chapter 3: Gaze Patternsin Visual Impairments  contains three studies to investigate how sim-
ulated visual impairments in uence gaze behavior during realistic visual search tasks within
virtual environments. We designed the simulations based on semi-structured interviews
with individuals experiencing these conditions. A er which we systematically explored how

di erent levels of visual impairment a ect eye movements and visual search performance.
This chapter addresses RQ1
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Chapter 4: Standardizing investigates how we can go from gaze data to machine learning
models. We rst investigate how literature has dealt with blink detection and the handeling

of gaps in eye tracking data. We then evaluate the impact of these di erent preprocessing
techniques on the error they introduce compared to the ground truth. Finally, we looked at
how blink artifacts a ect the performance of a machine learning model, and how di erent
mitigation strategies in uence the accuracy of this model. In this chapter, we address  RQ2

Chapter 5: Applications adresses the challenge on how eye-tracking data can be used detect
CFL inreal-time. We rstinvestigate the performance of traditional machine learning models

on engineered features, and then we investigate whether deep learning models can improve
predictive accuracy when trained on raw gaze sequences. We also examine the trade-o s
between accuracy and computational cost to identify optimal con gurations for real-time
deployment. This chapter answers RQ3.

Chapter 6: Discussion re ects on the ndings from the previous chapters in relation to the
overarching research questions. It synthesizes how di erent types and severities of simulated
visual impairments manifest in gaze behavior, evaluates the e ectiveness of various prepro-
cessing strategies, and considers the practical implications of deploying gaze-based models
for early detection. The chapter highlights how measurable gaze changes o en precede
user awareness, underlining their diagnostic value. It also situates these insights within the
context of related work, emphasizing how this research advances both methodological and
applied contributions in gaze-based health monitoring.

Chapter 7: Conclusion summarizes the core contributions of this dissertation and outlines
its broader relevance for preventive healthcare. It presents a framework for gaze-based di-
agnostics, spanning simulation, preprocessing, and classi cation. The chapter concludes
by articulating a vision for future health technologies where eye tracking is embedded in
everyday devices to support continuous, privacy-respecting, and accessible screening. It
positions the dissertation as a foundation for future work in gaze-based sensing and high-
lights opportunities for expanding this research to broader domains of behavioral health
monitoring.
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RELATED WORK

This chapter synthesizes prior work across four key areas relevant to this dissertation: (1) the
emerging role of preventive healthcare and the need to integrate vision into this paradigm, (2)
visual impairment simulations and their e ects on behavior, (3) machine learning approaches
for detecting visual impairments from gaze data, and (4) the role of blink artifacts and their
handling in gaze-based systems. Together, these areas highlight the growing potential of
low-burden, gaze-based methods for the early detection of central eld loss, supporting
broader goals in preventive health and personalized care.

2.1 Preventive Healthcare

Preventive healthcare has emerged as a cornerstone of modern health policy, marking a
shi from reactive treatment to proactive risk reduction on a global scale. International
commitments over the past decade, including United Nations declarations and the WHO
Global Action Plan on Non-Communicable Diseases (NCDs), re ect a consensus that focusing
on prevention is crucial for sustainable health systems [184]. NCDs now account for over
70% of global deaths [76], and a signi cant portion of this burden is avoidable through early
interventions and lifestyle modi cations [16, 278]. In response, major healthcare systems
have expanded preventive services in policy and practice. For example, the United States
increased access to routine screenings under national health reforms by requiring insur-
ance coverage for evidence-based preventive services without cost-sharing [157]. Similarly,
the European Union prioritized reducing chronic disease rates via prevention to curb the
70 80% of health expenditures consumed by managing such conditions [225], and Japan
legally mandates annual health check-ups for adults aged 40 74 to facilitate early disease
detection [177]. These e orts have already improved early diagnosis and reduced disease
complications, demonstrating long-term cost savings for society [183].

In parallel, there is growing recognition that preventive care should encompass vision health,
which has o en been underemphasized in public health strategies. Yet visual impairments
impose substantial societal costs, with many cases that are preventable or manageable with
timely care. The WHO's World Report on Vision noted that of 2.2 billion people with vision
impairment worldwide, at least 1 billion have conditions that were preventable or remain
unaddressed [278]. Integrating routine eye screenings into health systems can therefore
yield signi cant bene ts. Early detection of ocular conditions enables interventions that
preserve sight and reduce downstream disability costs. CFL, o en due to macular degen-
eration or diabetic macular edema, exempli es where prevention can be transformative.
Age-related macular degeneration (AMD), a leading cause of CFL in older adults, already
a ects roughly one in ten people over age 50 [205] and incurs high treatment expenses, 0 en
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tens of thousands of dollars per case [206]. However, detecting AMD progression early allows
timely therapies that slow vision loss and preserve visual function [70]. Similar approaches,
such as regular diabetic retinopathy screening, have proven e ective in preventing vision
loss [278]. By broadening the preventive paradigm to include vision health, particularly
through low-burden screening for early signs of central vision loss, health systems can im-
prove outcomes, maintain quality of life, and reduce the long-term societal costs associated
with visual impairment.

2.2 Simulating Visual Impairments to Understand Behavior

To support this early detection, understanding the changes that happen in eye movement
behavior and perception that may be an indicator is crucial. Thus, understanding how visual

impairments a ect perception and behavior has been a focus of human vision research.
Advances in simulation technology now enable controlled studies of impairments such as
AMD, glaucoma, and cataracts, helping researchers replicate and explore their real-world
impact.

2.2.1 Simulating Central Field Loss and AMD

AMD is a leading cause of CFL, progressively impairing ne vision and forcing reliance on
eccentric xation [136]. Eye movements in AMD patients show increased xation instability,
longer saccadic reaction times, and altered patterns during reading and visual search [37, 51,
87]. These changes result in shorter forward saccades, more regressions, and reduced reading
speeds [39]. Importantly, oculomotor adaptation strategies di er depending on whether the
vision loss is central (e.g., AMD) or peripheral (e.g., glaucoma), as shown by Burton et al. [38].

To study these behavioral e ects under controlled conditions, researchers developed vari-
ous methods to simulate AMD. Early approaches included a xing materials to computer
screens [274], while more recent e orts employ contact lenses [6], computer-based visual |-
ters[107, 163], and head-mounted displays [4, 89]. Gaze-contingent simulations allow real-time
adaptation of the scotoma to user gaze, thereby more accurately re ecting the experience of
individuals with CFL [232].

In addition to studying task performance, these simulations have proven valuable for re-
search in accessibility and user-centered design. Simulation environments can be tailored to
evaluate speci ¢ perceptual challenges users face, providing empirical evidence for changes
in design, interface, or architectural planning. Such systems have been used to study navi-
gation e ciency, decision-making, and visual search in both controlled environments and
semi-realistic tasks, making them broadly relevant to both HCI and rehabilitation research.

These simulations are not just tools for academic inquiry. They have been used to assess
accessibility in healthcare settings [213], evaluate the impact of design on usability, and
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even foster empathy among designers and medical students [91]. Empirical studies using
simulations show that reading speed declines with increasing scotoma size [274], and face
recognition becomes signi cantly slower and less accurate [98, 163]. The alignment between
simulation outcomes and patient performance [198] supports their validity as proxies for real
impairments.

2.2.2 Simulating Peripheral Vision Loss and Glaucoma

Glaucoma causes progressive damage to the optic nerve, usually beginning with peripheral
vision loss and eventually leading to tunnel vision or blindness [202]. This peripheral degrada-
tion impairs scene exploration, spatial awareness, and mobility. Simulations of glaucomatous
vision, including VR-based overlays [244] and impairment goggles [148], help evaluate how
eld loss in uences task performance and perception.

These simulations have proven valuable in multiple contexts. For example, Lam et al. [141]
found that glaucoma patients had longer search times and higher error rates when navi-
gating virtual environments. Similarly, Sippel et al. [234] showed that binocular eld loss
slowed visual search in a supermarket task. VR simulations reveal that search and scanning
ine ciencies [236, 248], di culty with object identi cation in cluttered scenes [178], and im-
paired driving [146] are all common consequences of glaucoma. Such ndings are consistent
with those observed in clinical populations, suggesting that simulation-based evaluation can
anticipate real-world impairments.

Furthermore, simulation platforms may assist in screening strategies and rehabilitation
planning. By o ering controlled exposure to daily challenges, such tools can personalize
assessments or inform adaptive technologies tailored to an individual's speci c visual eld
loss. Future directions for glaucoma simulation include integration with eye tracking and
real-time feedback mechanisms, improving diagnostic realism and usability testing.

2.2.3 Simulating Cataracts

Cataracts, characterized by lens opacities, obstruct light transmission and scatter incoming

light (straylight), reducing contrast and sharpness [261]. Their visual impact depends on

opacity type (nuclear, cortical, subcapsular) and pupil size [166, 167]. These impairments are
associated with prolonged xations, delayed saccades, and decreased search e ciency [253,
268].

Cataract simulations include xed goggles [277], contact lenses [6], and virtual environments
with parameterized visual distortions [132, 148]. While widely used to assess visibility and
empathy, surprisingly few studies examine their impact on eye movements. One exception is
Wan et al. [268], who found that cataracts prolong xation durations and reduce recognition
performance. Simulating cataract severity in dynamic, task-based contexts remains an open
area that this dissertation seeks to address.
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In summary, simulations targeting visual impairment vision are o en static or lack the
temporal delity needed for high-resolution behavioral studies. As VR systems continue to
develop, there is a growing opportunity to model visual impairments e ects dynamically,
incorporating progression over time and user behavior. We have taken these opportunities
to incorporate progression over time into one of our user studies.

2.3 Gaze and Machine Learning for Vision Loss Detection

The rise of eye tracking and arti cial intelligence has made it possible to explore visual im-
pairments from a computational perspective. In particular, machine learning techniques are
increasingly employed to detect vision-related conditions based on distinctive gaze behavior.

2.3.1 Eye Movement Characteristics in AMD

Such distinctive gaze behavior can be observed in individuals with AMD. They develop
Preferred Retinal Loci (PRLS) to compensate for central vision loss, resulting in unstable
xations [51, 222]. These xations span wider areas and lack the precision of foveal vision [207].
Saccades also become non-foveating, exhibiting lower velocities, longer durations, and curved
trajectories [210, 275].

These patterns a ect everyday activities: reading rates drop [214], search becomes ine -
cient [131], and face recognition su ers [224]. Despite these measurable e ects, AMD o en
remains undetected for years [71], showing the need for unobtrusive early detection.

Importantly, these gaze behaviors are not only indicators of visual de cits but can also o er
insight into compensatory mechanisms and potential interventions. Adaptive technologies
and training programs could bene t from understanding how gaze behavior evolves with
vision loss. The challenge remains to extract robust and generalizable features across users,
tasks, and environments which allow the detection of visual impairments.

2.3.2 Machine Learning from Eye Movements

One method that has been used to successfully detect visual and cognitive impairments from
gaze data, is machine learning. Rello and Ballesteros [209] trained SVMs to detect dyslexia
from reading behavior, while Chen et al. [42] used gaze deviations to detect strabismus. In
glaucoma research, Smith et al. [237] applied Gaussian Mixture Models to evaluate reading in
patients.

Deep learning o ers further promise. LSTM networks capture temporal dependencies in
time-series data and outperform traditional models in gaze-based predictions [33, 93, 242].

10
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Such models learn rich representations directly from raw input, reducing the need for hand-
cra ed features. Applications range from mental health diagnostics [57] to driver attention
tracking [264].

However, many ML models require substantial, clean data, o en impractical in everyday
scenarios and raises privacy concerns.

2.3.3 Cost and Privacy Considerations

Extensive gaze collection raises privacy concerns. Gaze patterns can reveal identity, gender,
age [30, 172], sexual preferences [139], and even hormonal cycles [18]. Tools like PrivacEye [241]
attempt to anonymize gaze data, but may also strip away features critical for detecting con-
ditions like CFL. This motivates our investigation into cost-e cient models using minimal,
privacy-preserving gaze data.

In this dissertation, we propose to optimize gaze-based detection by reducing input window
sizes and computing time. Following prior work [280], we model the trade-o between
accuracy and runtime. By applying both traditional (SVM, RF) and deep learning (LSTM)
models, we benchmark detection performance and latency, advancing gaze-based diagnostics
toward real-world applicability.

In addition, we evaluate how much data is truly necessary to detect early signs of impairment.
Prior work o en assumes long observation periods are required. However, our ndings
challenge this assumption and show that robust models can work e ectively with short
windows, paving the way for real-time monitoring and feedback systems.

2.4 Blink Artifacts and Their Role in Gaze-Based Systems

Blinks introduce challenges in eye tracking by creating periods of signal loss or distortion.
Accurately detecting and compensating for these artifacts is critical for both diagnostic and
interactive gaze-based applications.

2.4.1 Blink Dynamics and In uencing Factors

Blinks are rapid eyelid closures that protect the eye and maintain tear- Im stability [65]. Blink
rate and duration vary with environmental conditions [190], age [243], cognitive load [259],
and fatigue [185]. In high-load tasks, blink frequency tends to decrease, while duration may
increase.

These variations complicate their use in interactive systems or medical applications. For
instance, blinks have been linked to attention [144], mental workload [34], and neurological

11
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disorders [23]. However, they also produce missing gaze samples and transient artifacts,
potentially distorting gaze-based inferences if not properly handled.

2.4.2 Blink Detection Approaches

Modern eye trackers include built-in blink detectors, such as the EyeLink 1000 (SR Research
Ltd., Ottawa, ON, Canada) and BeGazé (SensoMotoric Instruments GmbH., Toltow, Germany)
systems. These rely on pupil size or occlusion thresholds to ag blinks, yet they cannot
distinguish tracking loss from true eyelid closure [101]. Consequently, xations adjacent to
blinks are o en noisy as they are interrupted with blinks.

2.4.3 Impact on Predictive Models and Interactive Systems

Blinks interrupt gaze sequences used in predictive models like LSTM networks. If untreated,
these gaps degrade performance [83]. Studies in |l blink gaps using local averaging [12] or
extrapolation [33], but practices vary widely.

Ininteractive systems, blinks have been used as intentional input (e.g., menu navigation [156]),
but also complicate dwell-based selection [123]. As gaze interfaces grow, understanding and
mitigating blink interference becomes increasingly important. Our approach explicitly quan-

ti es blink e ects and selects preprocessing techniques based on empirical performance.

Summary

Prior research has demonstrated the utility of simulating vision loss to study behavior and
accessibility. Gaze behavior changes can be leveraged to develop predictive models. However,
challenges related to data quality, privacy, and computational cost remain. This dissertation
builds on prior work by systematically evaluating the accuracy and cost trade-o s of di erent
modeling strategies, while accounting for blink artifacts and varying amounts of gaze data.
The following chapters describe our methods and results in addressing these challenges.

https://www.sr-research.com/eyelink-1000-plus/ , accessed April 20, 2026
2https://www.dpg.unipd.it/sites/dpg.unipd.it/files/BeGaze2.pdf , accessed April 20, 2026
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GAZE PATTERNS IN VISUAL IMPAIRMENTS

Preventive healthcare emphasizes early detection and timely intervention to mitigate or
delay the onset and progression of diseases. This can signi cantly improve individual health
outcomes and reducing healthcare burdens. Visual impairments represent an important
target for preventive health strategies, given their profound impact on quality of life and the
substantial global prevalence.

Early stages of visual impairments o en go unnoticed due to their subtle and gradual pro-
gression. For example, cataracts, currently a ecting over 65 million individuals globally,
progresses slowly, making early identi cation challenging [278]. Similarly, glaucoma and
AMD frequently remain undetected until signi cant and irreversible vision loss has occurred.
These conditions signi cantly a ect daily activities, independence, and overall quality of
life, highlighting the need for preventive measures that enable earlier diagnosis and more
e ective management.

Simulation techniques using augmented and virtual reality (AR/VR) o er valuable tools for
preventive healthcare research. By accurately representing visual impairments, simulations
provide crucial insights into their early manifestations and progression. Previous research
utilizing simulations has e ectively demonstrated how visual impairments a ect task per-
formance and gaze behaviors, serving as essential platforms for understanding impairment
impacts and developing preventive strategies [105, 132, 133]. However, they o en user sim-
ulations that do not accurately represent how the world is perceived by those a ected, are

0 en only visualizing one static severity that does not allow for the comparison of normal
eye movements with those during simulation-a ected trials.

In this chapter, we investigate how di erent levels of simulated visual impairments in uence
gaze behaviors during realistic visual search tasks within virtual environments. Our approach
involves detailed visual impairment pipelines for cataracts, glaucoma, and AMD, meticu-
lously designed based on semi-structured interviews with individuals experiencing these
conditions. These simulations feature adjustable parameters, enabling precise replication of
impairment severity and progression. Across multiple controlled user studies (N=101 total),
we systematically explore how di erent levels of visual impairment a ect eye movements
and visual search performance.

Our ndings demonstrate that moderate-to-advanced stages of simulated impairments no-
tably alter gaze patterns and task performance. Conversely, early-stage impairments o en
remain undetected by participants and show minimal immediate impact, emphasizing the
critical importance of objective measurement techniques capable of identifying subtle early-
stage changes. Speci cally, we highlight how conventional visual impairment simulations
0 en inadequately represent patient-reported experiences, particularly with conditions like
AMD. By re ning simulation realism, we facilitate earlier detection and better preventive
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strategies, ultimately contributing to enhanced patient outcomes and reduced healthcare
costs associated with advanced visual impairment management.

In this chapter, we present the work of the rst three included publications [84, 85, 86],
which outlines a vision for advancing preventive healthcare by leveraging realistic virtual
reality simulations of visual impairments to identify early-stage diagnostic indicators through
detailed analyses of eye movement patterns and task performance *. Overall, this chapter
addressesRQ1

RQ 1: Can gaze patterns in VR simulations reveal signs of visual impairments?

This chapter is based on the following publications.

Grootjen, Jesse W. et al. "The E ects of AMD Severities on Eye Movements in Virtual
Environments.' In: Mensch und Computer 2023New York, NY, USA location = Chemnitz,
Germany: Association for Computing Machinery, August 1, 2025. doi : 10.1145/
3743049.3748561

Grootjen, Jesse W. et al. "Understanding the Impact of Glaucoma Severities Through

Virtual Reality Simulations.' In:  Proceedings of Mensch und Computer 2028uC25.
Chemnitz, Germany: Association for Computing Machinery, August 31, 2025. doi :
10.1145/10.1145/3743049.3743082

Grootjen, Jesse W. et al. "E ects of Cataracts Severities on Eye Movements and Task
Performance During a Visual Search Task Through Virtual Reality.' In:  Mobile and
Ubiquitous Multimedia 2025. New York, NY, USA location = Enna, Italy: Association for
Computing Machinery, December 1, 2025. doi : 10.1145/3771882.3771884

The following sections are copied with minor changes from the publications: subsection 3.1.1 until subsec-
tion 3.1.4, subsection 3.2.1 until subsection 3.2.4, and subsection 3.3.1 until subsection 3.3.9
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3.1 Understanding the Impact of Age-Related Macular Degeneration

In this section, we aim to understand how AMD is subjectively perceived by those living with
the condition and evaluate whether existing visual simulations re ect this perceptual reality.
To do so, we conducted semi-structured interviews with individuals diagnosed with AMD to
assess the limitations of current simulation techniques. Building on these insights, we then
developed a simulation pipeline that attempts to more accurately reproduce the e ects of
central- eld loss in a gaze-contingent manner. Finally, we evaluated the impact of these visual
changes on task performance and gaze behavior in a virtual reality environment. Through
this progression from perception to simulation to behavioral evaluation we seek to bridge
the gap between clinical symptoms and the actual visual experiences of people with AMD.

3.1.1 Structured Interviews

From the simulations mentioned in the related work, we found that related work mostly

visualized the central- eld loss from AMD as a dark circle with a gradient around the edges
when looking at images. We held semi-structured interviews with individuals who have
AMD to verify the current quality of visualizations. The interviews all consisted of two parts:
demographic questions and, following this, questions about how they perceive the world. All
interviews were conducted over video call or in person.

Procedure Prior to the interview, participants were provided with consent forms and a
detailed explanation of the procedure, giving them ample time to review the information. At
the start of each session, participants were invited to ask any questions regarding the consent
form and the process. The interview began with a set of demographic questions relevant
to the study, followed by questions about their perception of the world. Examples of these
guiding questions include: How does glaucoma a ect your daily life? What challenges do
you face ? and Do speci c lighting conditions in uence your perception, and if so, how ?

Participants  In total, we interviewed six individuals who currently have AMD. One par-
ticipant was excluded as they reported having other visual impairments as well, which are
more in uential to their vision. For the remaining ve participants, P1 (female, 86 years old)
reported 3 5%residual vision in the le eye and no remaining vision in the right eye. P2
(female, 54 years old) reported 3%residual vision in her le eye; in the right eye, she receives
justlight. P3 (male, 24 years old) reported 3% vision remaining in both eyes (Reported Juvenile
Macular Degeneration, with similar characteristics to AMD). P4 (male, 63 years old), reported
5% residual vision in both eyes. Finally, P5 (female, 76 years old) reported 3% residual vision
in her right eye and 10%residual vision in her le . It is important to note that each of the
participants reported having normal vision earlier on in life.
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Results During the interviews, we found that all but one of the participants reported that
they did not experience AMD as it usually is visualized, i.e., a dark spot with fading around
the edges. Four of the interviewed participants reported a similar perception as those with
normal vision experience in the blind spot. | see a road continue as normal, but | cannot see

if there is a bike standing in front (P3); they mentioned furthermore that the black spots
used for simulations not realistic, the brain in lls. Similar reports were made by P2: While
standing in the kitchen, | was not able to see the keys; it was just empty . similar reports were
made for P4 and P5. However, P1 reported her perception to be more of a heavy fog, of a grey
color, obscuring her vision (If participant statements were not made in English, quotes have
been translated by a native speaker with full professional pro ciency in English).

3.1.2 AMD Simulation

Inthe following, we describe the implementation of our e ects pipeline using two parameters:
central- eld loss and fading. It is important to note that we assume that the visualization is
completely round. This is oversimpli ed as there are inde nite variations.

Figure 3.1: A low-poly landscape without any of the AMD visualizations applied.

Central-Field Loss We simulate the central- eld loss using a scotoma with a spherical

shape of size S (diameter of the sphere) at a xed distance ( d) from each camera while being
gaze-contingent. SC is the degrees of central vision to be obstructed by our AMD simulation.
Using the following formula, we determine the size of the sphere: S=2 d tan(SC=2).
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Figure 3.2: A low-poly landscape with the central- eld loss and fading visualization applied. In this
image, the red capsules have a custom material that hides these items in the central eld if they are
obscured by our visualizations. This simulation is gaze-contingent.

Fading We implemented the fading on the edges using an adaptation of the smoothstep
function 2. The smoothstep function uses three parameters, the lower edge ( ep), the upper
edge (e1), and the source variable for interpolation ( x). If x is less than or equal to ey, it
outputs O; if X is greater than or equal to e, it outputs 1; and if x is between ey and ey, it
interpolates between e (start edge) and e; (end edge) according to the Hermite interpolation.
The source variable for interpolation ( x) is the normalized distance of the objects' texture
fragment concerning the sphere's central position in the screen space. Finally, we use the
output of this smoothstep function as alpha values of the objects’ texture to control the
objects' visualization.

8

20 if x e
0= 3G%)° 2% feo<x<es

1 ifx e

By applying the combination of the central eld loss and the fading as a custom shader in
Unity, we were able to simulate the loss of central vision where objects disappear when they
are obscured by the sphere while leaving the rest of the unity scene not a ected, see Figure 3.2.
We chose to have our fading dynamically adjust to the size of our CFL, namely being 20%of
the CFL, if our AMD simulation is 30 , our fading ends at 30 , and the CFL encompasses80%
of the 30 , specically 24 .

%see, http://www.thebookofshaders.com/ , last accessed: April 20, 2026
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3.1.3 User Study

In the following section, we will discuss the user study performed with 17 participants, the
virtual environment and hardware used for this user study, and the analysis. We ensured that
luminance in all rooms was consistent.

We chose to simulate eight conditions of AMD, all Latin Square balanced, of no visualization,
4:3,86,129,17:2 ,21:5,258 and 30 . These were chosen to keep the interval between
conditions equal. Furthermore, we decided not to go beyond 30 to keep the visualization
lower than what has been reported in previous work to go unnoticed [71] and to stay inside of
the near periphery [245].

Apparatus

We selected a visual search task to assess the impact of the AMD simulation on participants'
behavior and performance. Visual search tasks have been employed widely to investigate
visual impairments both in patients with visual impairments [52, 198] as well as in simulations
of visual impairments [56, 113, 137].

Pollmann et al. [198] showed that participants with AMD are signi cantly less de cientin
search tasks compared to healthy participants in realistic scenes (such as rooms in ahome) due
to the possibility of contextual cueing. This shows that displaying realistic scenes is necessary
to assess the de ciencies of visual impairment in search tasks adequately. Therefore, we
opted to show realistic environments of di erent rooms in the virtual environment. Similar

to David et al. [56], we built eight virtual environments to represent di erent rooms in a
house; see Figure 3.3. For the search items, we used items that could be found in a household,
namely, a medicine bottle, screwdriver, calculator, ashlight, glass, hairdryer, tape dispenser,
kettle, eraser, sticky notes, phone, highlighter, apple, duck, hole puncher, pencil sharpener,
rst-aid kit. All rooms and items were chosen to preserve contextual cueing.

We built the virtual environments in Unity3D and deployed it to a desktop with a Ryzan 9
7900X3D, 64GB RAM, an NVIDIA RTX 4080 Super graphics card, and a connected HTC Vive
Pro Eye with a built-in Tobii eye tracker. The built-in Tobii eye tracker was accessed using the
Vive SRanipal SDK at a sampling frequency of 120 Hz.

To facilitate our analysis, we converted the head directional 3D vectors, eye-in-world di-
rectional 3D vectors, and directional 3D vectors into 2D Fick angles using the Fick-gimbal
method [92]. This conversion involves two rotations, one over the vertical axis and another
over the nested horizontal axis, e ectively characterizing the position of each vector. These
resulting 2D Fick angles for eye and head directions were the basis for our following analysis.
For the analysis, we focused on the eye-tracking data for each trial. Given the relatively short
duration of our trials, averaging approximately 4.64 3:41seconds across all trials, we con-
ducted our eye tracking analysis at the trial level rather than examining individual behaviors
within each trial.
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(a) Garage (b) Bedroom
(c) Dining Room (d) Bathroom

(e) Kitchen (f) Living Room
(9) Meeting Room (h) O ce

Figure 3.3: All rooms used in the user study.

Procedure

The study coordinator rst welcomed the participants, and the coordinator then introduced
and explained the study procedure. A er signing the consent form, we asked them to answer
a few demographic questions. Finally, before entering VR, the study coordinator explained
the hardware and controls relevant to the study to the participants.

A er putting on the VR headset, the study coordinator navigated the participant to the
integrated eye-tracking calibration. A er this, each participant did 4 practice trials without
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Figure 3.4: Items participants were tasked with searching for, listed from left to right and top to bottom,
are eraser, sticky notes, glass, medicine bottle, tape dispenser, hole puncher, duck, apple, rst aid Kit,
screwdriver, pencil sharpener, smartphone, calculator, hairdryer, highlighter, kettle, and, ashlight.

any simulation to get familiar with the task before starting the experiment. A er which, the
experiment was started. For each trial, we present the item the participant was tasked with
nding on a gray background. Once the participant con rms, the item spawns at a random
location in the room. These spawning locations were randomly assigned throughout the
room, and potential collisions with other items were checked. If there was a collision, a
di erent spawning location was selected. This was then repeated for 15 items in each room.
We balanced the di erent severities using Latin square balancing for 8 conditions. Varying
from no simulated central scotoma to 30 degrees of central scotoma in equal increments.

We applied a dri correction a er each room, following the procedure from Sipatchin et al.
[233]. This dri correction was designed to compensate for eye tracking data quality decay in
VR due to the participant's movement, which is known to induce dri into the precision of the
eye tracker [47]. These dri s can in uence the gaze-contingent simulation of the peripheral
loss.

Participants

We recruited 17 participants. However, we had to exclude four participants (one for technical
issues, one was too exhausted to participate in the study properly, and two did not follow the
instructions.). The remaining 13 participants had a mean age of 23.2 ( SD = 2:2), 8 identifying
as female and 5 as male. All participants had normal vision.
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3.1.4 Results

In this section, we rst present the results of our preprocessing. A er which, we present the
ndings of how our simulation a ects eye movements and task performance while being
a ected by di erent severities of our AMD simulation.

Peprocessing

We calculated xations and saccades using pymovements [129]. We leveraged ID-T algo-
rithm [217] with speci ¢ xations thresholds set at a minimum xation duration of 83 ms and

a maximum dispersion of 1:8 , in line with prior work [22, 260]. This allows us to calculate the
following xation-based metrics: total xation duration, average xation duration, xation
count, and the time from the start of the trial to the last xation in the trial. We used the
microsaccade algorithm [62] to extract the saccades. This algorithm allows us to calculate
the saccadic amplitude and saccade frequency. The saccadic amplitude was calculated as
the angle in degrees between the saccade onset and o set, while the saccadic frequency
was determined by dividing the number of saccades within a trial by the trial duration in
minutes. To calculate the average pupil dilation for each trial, we computed the mean of
the le and right pupil sizes and subsequently calculated the standard deviation to facilitate
our analysis at the trial level. Finally, for computing the Index of Pupillary Activity (IPA), we
employed the implementation by Duchowski et al. [59]. Thus, we utilized discrete wavelet
transforms to analyze pupil diameter signals, speci cally employing a two-level discrete
wavelet transform. We normalized the wavelet coe cients to ensure a uniform analysis and
identi ed key peaks in the signal to mark signi cant changes in pupil diameter. We then
applied a universal threshold to Iter out noise.

In total, we have 1560 trials across all conditions and participants (120 per participant). We
Itered out trials where we found excessive head movement as we were interested in gaze.
Excessive head movements are trials where the participant moved their head more than 15
cm higher or lower than their average overall. We also looked at if participants found the
object, i.e., looked at the object. For this, we took the maximum angular diameter of the
object, i.e., if the object was not perfectly square, we took the largest measurement of the
height, width, and length. Using the following formula: = arctan % , we calculated the
maximum angular diameter of each sample . We then compared the absolute angle of the
gaze to the center of the object during the trial and the angle that the object takes up in the
virtual environment. If, for the last ten samples in the trial, more than 50% of the absolute
gaze angle is lower than 180% of , the trial was kept. Otherwise, the trials were not included
in the remainder of the analysis. Lastly, we excluded trials that were longer than 20 seconds.
A erall Itering, we were le with 1356 trials. 178 trials remained without central- eld loss
simulation, 182 trials with 4:3 of central- eld loss simulation, 178 trials with  8:6 , 172 trials
with 129 , 168 trials with 17:2 , 169 trials with 21:5 , 158 trials with 25:8 and 151 trials with
30 of central- eld loss simulation remaining.

To investigate if there is an e ectin the number of trials remaining a er the Itering, we used
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Figure 3.5: Kernel Density Estimate of Time per Trial for each of the different central- eld loss simula-
tions.

a Bayes repeated measures ANOVA using JASP with default prior scales, which we performed
to estimate the likelihood of an e ect. Thisresultedina BF 1o = 0:169, thereby providing
strong evidence for the absence of an e ect.

General Linear Mixed Model Results

We use generalized linear mixed-e ect models (GLMMSs) to analyze the data from our complex
experiment design as it allows us to account for random e ects due to individual variability,
rooms, objects, spawning locations, or learning e ects and is particularly suited for non-
normal data and our repeated measures design [41, 229]. For each dependent variable, we
include a brief description of each part, including their observed distribution (i.e., corre-
sponding distribution family). These distribution families are selected based on comparing all
possible distributions against the data and selecting the best- tted one. For each dependent
variable, our formula was DV condition + (1jRoom) + (1jObject) + (1 jLocation) +
(2jTrialNr ) + (1 jPid) where DV is our dependent variable. We conducted our analysis in R
with Ime4 [21].

Our model for time per trial as a function of central- eld loss condition exhibits substantial
explanatory power, with a conditional R? = 0:70and a marginal R? = 0:56related to the xed
e ects using an inverse Gaussian family with an identity link. The intercept of the model,
representing no central- eld loss simulation, was estimated at 1.37 ( t = 13:48, p < 0:001).
We found that participants took longer to complete their tasks with a higher area of their
central vision a ected by the central- eld loss (see Figure 3.5). The time required for each
trial was largest in the case of the 30 central- eld loss, as con rmed by the GLMM analysis

(t =2:72, p = :007). We further found signi cant di erences for 258 (t =2:14, p = :033),
215 (t=3:13 p=:002, 17:2 (t =2:35 p= :019 and 129 (t = 1:97, p = :049. We found
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Figure 3.6: Pupil diameter for each of the different central- eld loss simulations.

no signi cant di erences in time per trial for the two lowest central- eld loss simulations,
namely 8:6 and 4:3 .

Pupillometry

Index of Pupillary Activity We did not nd signi cant di erences for the index of pupillary
activity witha R? = 0:04and a marginal R? < 0:01related to the xed e ects using an inverse
Gaussian family with an identity link. The intercept of the model, representing no central-
eld loss simulation, was estimated at 0.66 ( t = 16:29, p < :001). We found no signi cant
di erences in the index of pupillary activity for all conditions of central- eld loss simulations,

30 (t = 066, p= :509,258,(t= 088p=:3792L5 (t = 122 p=:223, 172
(t= 151, p=:131),129 (t = 211, p=:0595,86 (t= 030 p= :767),and 4.3 of
central-eldloss ( t = 0:15 p= :879.

Pupil Diameter  Our model for pupil diameter as a function of central- eld loss condition
exhibits substantial explanatory power, with a conditional R? = 0:84and a marginal R? = 0:54
related to the xed e ects using a Gamma family with an identity link. The intercept of

the model, representing no central- eld loss simulation, was estimated at 4.39 ( t = 15:58,
p < :001). We found that participants had a larger pupil diameter with a higher area of their
central vision a ected by the central- eld loss (see, Figure 3.6). The largest pupil diameter

for each trial was in the case of the 30 central- eld loss, as con rmed by the GLMM analysis

(t = 3:01, p = :003, we further found signi cant di erences for 258 (t =2:72, p= :007),
215 (t=2:36,p=:018, 17.2 (t =2:20, p = :028. We found no signi cant di erences in the
pupil diameter for three conditions of central- eld loss simulations, namely 129 (t=1:63
p=:104),86 (t=0:71,p=:48)and4:3 (t =0:64, p= :525.
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Figure 3.7: Fixation rate for each of the different central- eld loss simulations.

Fixations

Fixation Rate  Our model for xations rate as a function of central- eld loss condition
exhibits substantial explanatory power, with a conditional R? = :69and a marginal R? = :44
related to the xed e ects using a Gamma family with an identity link. The intercept of

the model, representing no central- eld loss simulation, was estimated at 2593 ( t =19:78,
p <:001). We found that participants made more xations with a higher area of their central
vision a ected by the central- eld loss (see, Figure 3.7). The highest xation rate for each trial
was in the case of the 25:8 central- eld loss, as con rmed by the GLMM analysis ( t =4:52,
p <:001), we further found signi cant di erencesfor 30 (t =3:04, p= :002, 17:2 (t = 2:95,
p = :003, 129 (t = 3:03, p= :003. We found no signi cant di erences in xation rate for
three conditions of central- eld loss simulations, namely 215 (t = 1:75, p = :080, 17:2
(t=1:24,p= :216 and 4:3 (t = 0:45, p = :650.

Mean Fixation Duration ~ We did not nd signi cant di erences for mean xation duration

with a R? = 0:08 and a marginal R? < 0:01related to the xed e ects using an inverse
Gaussian family with an identity link. The intercept of the model, representing no central-

eld loss simulation, was estimated at 0.16 ( t = 18:77, p < :001). We found no signi cance
between conditions. We found no signi cant di erences in mean xation duration for all
conditions of central- eld loss simulations, 30 (t = 1.03, p = :30)), 258, (t = 0:70,
p=:489215 (t= 128 p=:200,172 (t =0:66, p= :508, 129 (t = 0:54, p= :591),
86 (t= 097 p=:3395,and 4:3 ofcentral-eldloss ( t = 110, p= :272.
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Figure 3.8: Saccade amplitude for each of the different central- eld loss simulations.

Saccades

Saccade Amplitude  Our model for saccade amplitude as a function of central- eld loss
condition exhibits substantial explanatory power, with a conditional ~ R? = 0:79and a marginal
R? = 0:54related to the xed e ects using a Gamma family with an identity link. The intercept

of the model, representing no central- eld loss simulation, was estimated at 2593 ( t = 13:55,
p < 0:001). We found that participants took smaller saccades with a higher area of their
central vision a ected by the central- eld loss (see, Figure 3.8). The smallest saccades for
each trial was in the case of the 21:5 central- eld loss, as con rmed by the GLMM analysis
(t= 489 p < 0:001), we further found signi cant di erences for 30 (t= 3:22, p= :00),
258 (t =2:64,p=:008, 17:2 (t =2:25, p = :025. We found no signi cant di erences in
saccade amplitude for the three lowest central- eld loss simulations, namely 129 (t = 1:83
p=:067),86 (t=0:02 p=:982and43 (t=0:19 p= :852.

Saccade Frequency Our model for saccade frequency as a function of central- eld loss
condition exhibits substantial explanatory power, with a marginal R? = 0:34 related to
the xed e ects using a Gaussian family with an identity link. The intercept of the model,
representing no central- eld loss simulation, was estimated at 2.60 ( t = 32:08, p < :001).
We found that participants made more saccades with a higher area of their central vision

a ected by the central- eld loss (see, Figure 3.9). The highest saccade frequency for each trial
was in the case of the 30 central- eld loss, as con rmed by the GLMM analysis ( t= 2:31,
p = :021). However, this was also the only signi cant di erence we found. We found no
signi cant di erences in saccade frequency for the remaining central- eld loss simulations,
namely, 258 ,(t = 0:80, p= 424215 (t = 1:42, p= :155,17.2 (t = 0:78 p = :433,
129 (t =1:62 p= :106), 86 (t =0:68 p= :497), and 4:3 ofcentral-eldloss ( t = 0:92
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Figure 3.9: Saccade frequency for each of the different central- eld loss simulations.

p = :357).
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3.2 Understanding the Impact of Glaucoma Severities

In this section, we investigate how people with glaucoma perceive their visual environment
and whether these experiences are accurately captured by current visualization methods.
To this end, we conducted semi-structured interviews with individuals diagnosed with glau-
coma, analyzing their subjective reports of vision changes. Drawing from their accounts, we
implemented a gaze-contingent simulation of peripheral eld loss that aims to more closely
re ect lived experience. Finally, we evaluated the behavioral and physiological impact of
varying glaucoma severities through a virtual reality study involving a visual search task.
By grounding simulation design in real-world perception and quantifying its in uence on
attention and gaze behavior, we contribute a more realistic and evidence-based model of
glaucomatous vision loss.

3.2.1 Structured Interviews

From the simulations mentioned in the related work, we found that peripheral vision loss
from glaucoma is mostly visualized with dark visualizations obscuring the periphery with a
gradient towards the middle of images. We held semi-structured interviews with individuals
who experience glaucoma to verify the current quality of the visualizations. The interviews alll
followed the same structure, namely, demographic questions and, following this, questions
about how they perceive the world. We conducted all interviews over video call or in person.

Procedure

Before the interview, we provided participants with consent forms and a detailed description
of the procedure to ensure they had su cient time to review the materials. At the beginning
of each interview, we gave participants the opportunity to ask any questions regarding the
consent form and the procedure. The interview commenced with a series of demographic
guestions pertinent to the study. Once the demographic information was collected, the
interview proceeded with questions about their perception of the world (see Supplemental
Materials). Examples of guiding questions are: How does glaucoma impact your everyday
life? What are the challenges ? and Do speci c lighting conditions have in uence on your
perception? And if can you describe how/what changes ?

Participants

In total, we interviewed four individuals who currently have glaucoma. One participant was
excluded as they reported having other visual impairments as well, which are more in uential
to their vision. For the remaining three participants, P1 (female, 68 years old) reported no
e ect in her central vision and 20 30% remaining peripheral vision. P2 (male, 52 years old)
reported 40% remaining vision. P3 (female, 74 years old) reported 30% remaining vision. It is
important to note that each of the participants reported having normal vision earlier on in
life, which allows them to comment on the loss of vision.

27



Gaze Patterns in Visual Impairments

Results

During the interviews, we found that all participants did not experience glaucoma as it usually
is visualized, i.e., a dark periphery with a gradient fading towards their central vision. All of
our interviewees reported similar experiences. P1 said The rst sign that something was o
was when | noticed | was bumping into things more 0 en. P2: |just noticed things were
missing; | wouldn't see them until | basically tripped over them. Furthermore, P3 states, |
can see the road, but | cannot see the bike coming . (If participant statements were not made
in English, quotes have been translated by a native speaker with full professional pro ciency
in English). When we showed them how glaucoma is o en visualized, they mentioned the
following. P2 stated, The periphery of my vision isn't just dark; | can't see what's there, but
it's not completely black either. It is more like things fade away into nothingness. During
the interviews, we talked about and showed di erent visualizations of the e ect, i.e., the
visualization used by Stock et al. [244] and Lewis et al. [148].

3.2.2 Glaucoma Simulation

Next, we describe the implementation of our e ects pipeline for simulating glaucoma as
described in the interviews. For our e ects pipeline, we use two parameters, namely, the
peripheral eld loss and fading around the periphery. It is important to note that we assume

the periphery to be obscured evenly and in a circular shape. This is oversimpli ed as there
are inde nite variations of how the peripheral loss exactly manifests.

Figure 3.10: A low-poly landscape without any of the Glaucoma visualizations applied.
Peripheral Field Loss

We simulate the peripheral vision loss using a spherical shape of size S (diameter of the
sphere) ata xed distance ( d) from the camera for each eye in VR while being gaze-contingent,
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N Cgegrees is the degrees of central vision to be not obstructed by our glaucoma simulation.
We determine the size of the sphere using the following the angular diameter formula:
S =2 d tan(NC=2). This allows us to manipulate the area of the vision that is not
obstructed by our glaucoma simulation.

Fading
8
5 1 if X e
smoothstep (x) = 5 1 B2 2 2(3; ee%)3) if egp<x<e;
-0 ifx e

To prevent the peripheral eld loss from resulting in a hard cuto , we implemented a fading

e ect on the inside of the sphere determined by the peripheral eld loss as described above.
Our fading implementation is an adaptation and modi cation of the ~ smoothstep function
(see, http://www.thebookofshaders.com/ last accessed: April 20, 2026). The modi ed
smoothstep function requires three parameters: the lower edge (&), the upper edge (e1),
and the source variable for interpolation ( x). If x is less than or equal to ey, it outputs 1; if
X is greater than or equal to ey, it outputs 0; and if x is between ey and ey, it interpolates
between g (start edge) and e; (end edge) according to the Hermite interpolation. The source
variable for interpolation ( x) is the normalized distance of the objects' texture fragment
concerning the sphere's central position in the screen space. Finally, we use the output of this
modi ed smoothstep function as alpha values of the objects' texture to control the objects’
visualization.

Figure 3.11: A low-poly landscape with the peripheral- eld loss and fading visualization applied. In this
image, the red capsules have a custom material that hides these items in the peripheral eld if they are
obscured by our visualizations. This simulation is gaze-contingent.

By applying this combination of the peripheral eld loss and fading as a custom shader
e ect in Unity, we were able to simulate the loss of peripheral vision where objects treated

29



Gaze Patterns in Visual Impairments

with a custom material disappear when they are not obstructed by the sphere. This, while
leaving the rest of the Unity scene una ected, see Figure 3.11. We chose to have the fading
dynamically adjust to the size of the sphere, namely, being 20% of the sphere. If our sphere is
40 , our fading starts at 40 with items treated with the material being completely invisible
and ends at 32 where items would be completely visible.

3.2.3 User Study

In the following section, we will discuss the user study performed with 26 participants, the
virtual environment and hardware used for this user study, and the analysis. We ensured that
luminance in all rooms was consistent.

We chose to simulate eight conditions of glaucoma, all Latin Square balanced, 100, 90, 80,
70,60 ,50, 40, 30 of remaining vision. These were chosen to keep the interval between
conditions equal. Furthermore, we decided to not have our simulation a ect more than 30 of
remaining vision to stay outside of the near periphery [245] and on the basis of the reported
vision loss of our interviewees, see subsection 3.2.1. Our starting visualization of 100 is larger
than what a single display shows using the HTC Vive Pro Eye headset, as such there is no
visualization during this condition, and will be our control condition.

Apparatus

We use a visual search task to evaluate the e ects of the glaucoma simulation on participants’
eye movement behavior and task performance. Visual search tasks are commonly used to
investigate the impact of visual impairments, both in patients with actual impairments [52,
198] and in simulations of visual impairments [56, 113, 137]. Pollmann et al. [198] demonstrated
that patients with visual impairments performed signi cantly better in search tasks within
realistic environments, such as rooms in a home, compared to those in non-realistic scenes,
due to the availability of contextual cues. This nding highlight the importance of using
realistic environments to accurately assess the de ciencies caused by visual impairments
during search tasks. Accordingly, we implemented realistic virtual environments. Following
the approach of David et al. [56], we designed eight high- delity virtual environments repre-
senting di erent rooms in a household, see Figure 3.3. The search items included common
household objects such as a medicine bottle, screwdriver, calculator, and ashlight, among
others, see Figure 3.12. The rooms and items were carefully selected to preserve contextual
cueing throughout the task.

The virtual environments were developed using Unity and deployed on a desktop equipped
with a Ryzen 9 7900X3D processor, 64GB of RAM, and an NVIDIA RTX 4080 Super graphics
card. The setup included an HTC Vive Pro Eye headset with an integrated Tobii eye tracker.
The Tobii eye tracker, operating at a 120 Hz sampling frequency, was accessed via the Vive SRa-
nipal SDK. For our analysis, head direction, eye-in-world direction, and other 3D directional
vectors were converted into 2D Fick angles using the Fick-gimbal method [92]. These 2D Fick
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Figure 3.12: Items participants were tasked with searching for, listed from left to right and top to bottom,
are eraser, sticky notes, glass, medicine bottle, tape dispenser, hole puncher, duck, apple, rst aid kit,
screwdriver, pencil sharpener, smartphone, calculator, hairdryer, highlighter, kettle, and, ashlight.

angles for head and eye directions served as the foundation for our subsequent analysis. We
concentrated on eye-tracking data for each trial, and given the relatively short trial durations
(M =4:95, SD = 3:63seconds), our analysis was performed at the trial level rather than on
individual behaviors within each trial.

Procedure

The study began with the coordinator welcoming participants and providing an overview of
the study procedure. A er participants had signed the consent form, we asked themto I
out a brief demographic questionnaire. Before entering VR, the coordinator explained the
necessary hardware and controls to ensure participants were comfortable with the setup.
Once participants put on the VR headset, they were guided through eye-tracking calibration.
Following this, each participant completed four practice trials without any visual impairment
simulation to familiarize themselves with the task.

During the experiment, an item to be located was presented on a gray background at the start
of each trial. A er the participant con rmed, the item was randomly placed in the virtual
room, with adjustments made to avoid collisions with other objects. Participants completed a
total of 15 trials per room. We balanced eight di erent conditions, ranging from no simulated
peripheral vision loss to 30 degrees of remaining central vision in equal increments, using
a latin square design. A er each room, we applied a dri correction following the method

of Sipatchin et al. [233], compensating for the known issue of eye-tracker dri caused by
participant movement in VR [47]. This correction ensured the accuracy of gaze-contingent
simulations of peripheral vision loss throughout the study.
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Participants

We recruited 27 participants for the evaluation. However, we had to exclude three participants
(one for technical issues and two who did not follow the experimenters' instructions). The
remaining 24 participants had a mean age of 23.7 (SD = 2:6), 13 identifying as female and 11 as
male. Two participants had corrected to normal vision using contacts during the experiment,

all others had normal vision.

3.2.4 Results

In this section, we rst outline the results of our preprocessing steps. We then present the
ndings on how varying severities of our glaucoma simulation in uenced participants' eye
movements and task performance.

Preprocessing

We analyzed xations and saccades using pymovements [129]. Speci cally, we employed its
implementation of the ID-T algorithm [217], using a minimum Xxation duration threshold

of 83 ms and a maximum dispersion threshold of 1.8 , based on previous studies [22, 260].
This enabled the extraction of key xation metrics, including total xation duration, average
xation duration, xation count, and the time between the start of a trial and the last xa-
tion. For saccades, we utilized pymovements' microsaccade detection algorithm [62], which
allowed us to compute saccadic amplitude (the angular distance between saccade onset and
o set) and saccade frequency (the number of saccades per trial normalized by trial duration).
Pupil dilation was averaged across both eyes, and standard deviations were calculated to
facilitate trial-level analysis. To compute the Index of Pupillary Activity (IPA), we followed
the method of Duchowski et al. [59].

Across all conditions and participants, 2880 trials were collected (120 per participant). Trials
with excessive head movement, de ned as head displacement greater than 15 cm above
or below the participant's average, were excluded, as our focus was on gaze behavior. To
determine whether participants visually engaged with the target object, we calculated the
maximum angular diameter using the formula = arctan % , Where dis the object size,
and D is the distance to the object. We compared the absolute gaze angle to the object's center
during the trial, and if over 50% of the nal ten gaze samples fell within 180% of , the trial
was retained. Additionally, trials exceeding 20 seconds in duration were discarded. A er
applying these lters, 2438 trials remained for analysis. 320 trials in the control condition,
319 with 90 , 325 with 80 , 310 with 70 , 298 with 60 , 303 with 50 , 294 with 40 , and 270 with
30 of vision remaining. To examine if the Itering process introduced bias in trial retention
across conditions, a Bayesian repeated measures ANOVA was conducted using JASP with
default prior scales. The analysis yielded a Bayes Factor of BF 15 = 0:031, providing strong
evidence against any condition-related e ect on trial retention.
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Figure 3.13: Kernel Density Estimate of Time per Trial for each of the different peripheral vision loss
simulations.

General Linear Mixed Model Results

To analyze the data from our complex experimental design, we employed generalized linear
mixed-e ect models (GLMMSs), which are well-suited for accounting for random e ects due to
individual di erences, room variability, object placement, spawning locations, and potential
learning e ects. This approach is particularly e ective for handling non-normal data and
repeated measures designs [41, 229]. The general formula used for each dependent variable
wasDV  condition + (1jRoom) + (1jObject) + (1 jLocation) + (1jTrialNr ) + (1jPid),
where DV represents the dependent variable. We conducted the analysis in R using the Ime4
package [21]. We report conditional R? asRZ and marginal R? asR?2,.

Time Per Trial

Our model for time per trial as a function of peripheral vision loss condition exhibits sub-
stantial explanatory power, with a conditional R? = 0:80 and a marginal R? = 0:50 re-
lated to the xed e ects using an inverse Gaussian family with an identity link. The inter-
cept of the model, representing no peripheral vision loss simulation, was estimated at 4.63

(t =13:06, p <:001). We found that participants took longer to complete their tasks with a
higher area of their peripheral vision a ected by the peripheral vision loss (see, Figure 3.13).
The time required for each trial was largest in the case of the 30 of vision remaining, as
con rmed by the GLMM analysis ( t = 7:93, p <:001), we further found signi cant di er-
ences for 40 (t =3:13,p =0:002,50 (t=2:38p =0:018,and 70 (t =2:06,p = 0:040.
We found no signi cant di erences in time per trial for the three lowest peripheral vision

loss simulations, namely 60 (t = 1:47,p = 0:141), 80 (t = 1:00,p = 0:316), and 90
(t= 040 p =0:690 of vision remaining.
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Figure 3.14: Time per Trial for each of the different peripheral vision loss simulations.

Fixations

Fixation Rate  We did not nd signi cant di erences for xation rate with a R? =0:59and
amarginal R? = 0:18related to the xed e ects using a Gamma family with an identity link.
The intercept of the model, representing no peripheral vision loss simulation, was estimated
at3.67 ¢ = 23:72, p <:001. We found no signi cance between conditions. 30 (t=0:21,p =
0:836), 40 (t = 1:75,p =0:079,50 (t =0:10,p =0:918, 60 (t = 0:45 p = 0:653, 70
(t= 009 p =0:926,80 (t =0:05p =0:963,and 90 (t = 0:79,p = 0:428) of vision
remaining.

Mean Fixation Duration ~ We did not nd signi cant di erences for mean xation duration

with a R2 = 0:09and a marginal R? < 0:01related to the xed e ects using an inverse Gaus-
sian family with an identity link. The intercept of the model, representing no peripheral vision

loss simulation, was estimated at 0.16 (t = 23:03, p < : 001). We found no signi cance between
conditions. 30 (t =0:25p =0:804,40 (t= 0:08 p =0:936),50 (t= 0:77,p =0:441),
60 (t = 1:35p =0:176, 70 (t = 0:97,p =0:332,80 (t = 0:95p =0:343, and 90
(t= 0:60 p =0:548 of vision remaining.

Saccades

Saccade Amplitude  Our model for saccade amplitude as a function of peripheral vision
loss condition exhibits substantial explanatory power, with a conditional R? = 0:92and a
marginal R? = 0:42related to the xed e ects using a Gamma family with an identity link.
The intercept of the model, representing no peripheral vision loss simulation, was estimated
at25.74 t = 16:24, p <:001). We found that participants made smaller saccades complete
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Figure 3.15: Saccade amplitude for each of the different peripheral vision loss simulations.

their tasks with a higher area of their peripheral vision a ected by the peripheral vision loss
(see, Figure 3.15). The time required for each trial was largest in the case of the 30 of vision
remaining, as con rmed by the GLMM analysis ( t = 3:09, p = 0:002), we further found
signi cantdierencesfor 40 (t= 251, p =0:012,60 (t= 297 p =0:003. We found
no signi cant di erences in saccade amplitude for four peripheral vision loss simulations,
namely 50 (t= 0:76,p =0:450,70 (t= 1:.33 p =0:182,80 (t=0:45p =0:652, and
90 (t=1:08p =0:279 of vision remaining.

Saccade Frequency We did not nd signi cant di erences for saccade frequency with
aR? = 0:40and a marginal R? = 0:17 related to the xed e ects using a Gamma family
with an identity link. The intercept of the model, representing no peripheral vision loss
simulation, was estimated at 2.71 (t = 23:20, p < :001). We found no signi cance between
conditions. 30 ( 0:07,p = 0:940), 40 (t = 0:87,p = 0:383,50 (t = 0:15p = 0:879),
60 (t =0:37,p =0:712,70 (t= 022p =0:827,80 (t= 093 p =0:353, and 90
(t= 0:94,p =0:348 of vision remaining.

Pupillometry

Index of Pupilar Activity Our model for the index of pupillary activity as a function of
peripheral vision loss condition exhibits moderate explanatory power, with a conditional
R? = 0:19 and a marginal R? = 0:03related to the xed e ects using a Gamma family
with an identity link. The intercept of the model, representing no peripheral vision loss
simulation, was estimated at 0.65 (t = 17:38,p < :001). We found that participants had a
lower index of pupillary activity while completing their tasks with a higher area of their
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Figure 3.16: Index of pupillary activity for each of the different peripheral vision loss simulations.

Figure 3.17: Pupil size for each of the different peripheral vision loss simulations.

peripheral vision a ected by the peripheral vision loss (see, Figure 3.16). The pupil size
during each trial was largest in the case of the 30 of vision remaining, as con rmed by the
GLMM analysis (t = 3:32, p <:001), we further found signi cantdi erences for 40 (t =
2:39,p =0:017). We found no signi cant di erences in saccade amplitude for four peripheral
vision loss simulations, namely 50 (t= 0:99,p =0:320,60 (t= 1.00,p =0:315, 70
(t= 2135p =0:177,80 (t=0:99,p =0:322,and 90 (t = 0:45 p = 0:654) of vision
remaining.
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Pupil Size  Our model for pupil size as a function of peripheral vision loss condition exhibits
substantial explanatory power, with a conditional R? = 0:90and a marginal R? = 0:32related
to the xed e ects using a Gamma family with an identity link. The intercept of the model,
representing no peripheral vision loss simulation, was estimated at 4.37 ( t =20:22, p <:001).
We found that participants had larger pupil sizes while completing their tasks with a higher
area of their peripheral vision a ected by the peripheral vision loss (see, Figure 3.17). The
pupil size during each trial was largest in the case of the 30 of vision remaining, as con rmed
by the GLMM analysis (t = 4:31, p <:001), we further found signi cant di erences for 40
(t =3:59p <:00D,50 (t= 297,p =0:003 and 60 (t =2:08 p = 0:037). We found
no signi cant di erences in saccade amplitude for four peripheral vision loss simulations,
namely 70 (t= 0:86,p =0:390,80 (t=0:14,p =0:892,and 90 (t= 1:56,p =0:119
of vision remaining.
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