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Abstract

Visual impairments, including cataracts, age-related macular degeneration, and glaucoma,
affect millions globally, often progressing gradually and unnoticed until a significant part of
vision is lost. These visual impairments lead to irreversible vision loss if left untreated. 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 affect gaze
patterns during visual tasks in high-fidelity virtual environments. Itutilizes perceptually vali-
dated simulations, refined through structured interviews with individuals directly affecteds.
This work captures nuanced behavioral adaptations, such as altered fixation rates, reduced
saccadic amplitudes, and increased task durations. Notably, the early stages of cataract and
glaucoma often 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 finding 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 effort 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 after a blink with empirically derived
thresholds and applying interpolation methods such as linear or cubic splines significantly
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 field loss. Using an existing dataset with simulated gaze-contingent
scotomas, we compare traditional feature-based classifiers (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 field loss conditions. Importantly, we introduce a novel cost-benefit
framework that considers both model performance and computational latency. This analysis



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

After this, we integrate the findings across the three chapters to demonstrate that gaze
behavior can reveal subtle and condition-specific signs 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 fixation
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
fidelity. 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 field loss from short gaze windows, balancing accuracy
and efficiency. 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 different 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 field
loss, optimized for real-time, low-latency applications. These findings 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
betreffen weltweit Millionen von Menschen und schreiten oft schleichend und unbemerkt
voran, bis ein betrachtlicher Teil des Sehvermogens verloren gegangen ist. Unbehandelt
konnen diese Seheinschrankungen zu irreversiblem Sehverlust fiihren. Mittlerweile stehen
Therapien zur Verfiigung, die das Fortschreiten dieser Erkrankungen verlangsamen kon-
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 Verdnderungen zur Fritherkennung durch blickbasierte maschinelle Lernmodelle.
Es wird ein umfassendes Framework fiir 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 beeinflussen. Dabei werden wahrnehmungsbasierte Simulationen verwendet, die
durch strukturierte Interviews mit Betroffenen verfeinert wurden. Diese Arbeit deckt subtile
Verhaltensanpassungen auf, wie z. B. verdnderte Fixationsraten, reduzierte sakkadische
Amplituden und eine erhéhte Aufgabendauer. Bemerkenswert ist, dass die friithen Stadien
von Katarakt und Glaukom oft zu messbaren Blickverdnderungen fiihrten, bevor sich die Teil-
nehmer einer Sehverschlechterung bewusstwurden, was die blickbasierte Fritherkennung
als einen vielversprechenden Ansatz hervorhebt.

Zweitens wird, basierend auf der Erkenntnis, dass Sehbehinderungen messbare Verande-
rungen der Augenbewegungen hervorrufen, untersucht, wie diese Verdnderungen mithilfe
von maschinellem Lernen zuverlissig erkannt werden konnen. Eine wesentliche Heraus-
forderung dabei sind Artefakte, die durch Blinzeln und fehlende Daten entstehen, wodurch
Blicksignale verzerrt und die Leistung des Modells beeintriachtigt werden kann. Wir fiihren
eine strukturierte Literaturrecherche durch und identifizieren Inkonsistenzen im Umgang
mit solchen Artefakten in bestehenden Studien. Als Antwort darauf fiihren wir eine standar-
disierte Aufbereitungspipeline ein und validieren sie anhand von 11 6ffentlichen Datensatzen.
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 erhoht, 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 fiir das Training
robuster Vorhersagemodelle entscheidend ist.

Drittens evaluiert meine Dissertation die Anwendung von blickbasierten Modellen fiir die



Echtzeit-Erkennung und Uberwachung des Verlusts des zentralen Gesichtsfeldes. Anhand
eines bestehenden Datensatzes mit simulierten blickabhangigen Skotomen vergleichen wir
traditionelle merkmalsbasierte Klassifikatoren (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 Korrektklassifi-
kationsrate und Relevanz bei der Identifizierung zentraler Gesichtsfeldausfalle. Insbesondere
fiihren wir ein neues Kosten-Nutzen-Framework ein, das die Modellleistung und die Berech-
nungslatenz beriicksichtigt. Die Analyse hat gezeigt, dass ein Blickfenster von 1600 ms das
optimale Gleichgewicht zwischen Genauigkeit und Reaktionsschnelligkeit darstellt und damit
den Einsatz auf Verbrauchergeriten wie Smartphones oder Tablets ermdglicht. Anschlie-
Bend werden die Ergebnisse aus den drei Kapiteln zusammengefiihrt, um zu zeigen, dass das
Blickverhalten subtile und krankheitsspezifische Anzeichen einer Sehbehinderung aufzeigen
kann, bevor diese bewusst wahrgenommen wird. Simulationen von Katarakten, Glaukomen
und altersbedingter Makuladegeneration in der virtuellen Realitdt ergaben messbare Verin-
derungen im Blickverhalten, wie erhohte Fixationsraten und verdanderte Sakkaden, die mit
der klinischen Symptomatik aus der Fachliteratur tibereinstimmten. Durch Uberpriifung der
Realititstreue der Simulation anhand von Befragungen zielen die Studien darauf ab, die Rea-
litat genau abzubilden. Dariiber 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 Friihstadium aus
kurzen Blickfenstern zu erkennen und dabei ein Gleichgewicht zwischen Genauigkeit und
Effizienz zu erzielen. Diese Ergebnisse machen Blickerfassung zu einem vielversprechenden
Instrument fiir ein skalierbares, praventives Screening von Sehstorungen.

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 fiir die friihzeitige Erkennung des Verlusts des zentra-
len Gesichtsfelds, die fiir Echtzeitanwendungen mit geringer Latenzzeit optimiert sind. Diese
Forschungsergebnisse bilden die Grundlage fiir kiinftige blickbasierte Diagnosesysteme, die
sich nahtlos in den Alltag integrieren lassen und skalierbare und datenschutzfreundliche
Screening-Tools ermdglichen. Diese Tools konnen das rechtzeitige Eingreifen unterstiitzen
und die langfristige Belastung durch nicht diagnostizierte Sehbeeintrachtigungen verringern.

Vi
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INTRODUCTION

Seeing clearly and responding effectively to visual information is fundamental to nearly all
aspects of everyday life. Vision enables navigation, social interaction, reading, and countless
daily tasks often 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 significantly [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 shift. 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 identifiers, 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 offers scalable
and low-burden screening alternatives that align with a broader shift 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 after 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 affected 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.
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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, often unnoticed vision decline. For
example, central field 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 often adapt to progressive vision changes without conscious aware-
ness, developing compensatory behaviors such as altered fixation strategies or increased
reliance on peripheral cues, like the preferred retinal loci for CFL [222]. However, gaze be-
havior—including fixation stability, saccadic latency, and exploration patterns—is known
to change systematically in response to visual field 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-fidelity 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 offer 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 difficult 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, specifically focusing on cataracts,
glaucoma, and AMD. In these experiments, we analyze changes in oculomotor parameters
such as fixation dispersion, saccade trajectories, and pupil dynamics. For example, we explore
how AMD causes destabilized fixations, slower target acquisition, and increased microsac-
cadic activity. These subtle yet quantifiable 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 offers
distinct advantages. SVMs are well-suited for high-dimensional classification 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
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especially valuable in clinical contexts [54]. LSTMs are particularly effective 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 offer 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
infilling strategies (e.g., linear interpolation, cubic splines) to mitigate their impact on ma-
chine learning performance. Our findings demonstrate that certain preprocessing pipelines
can significantly reduce the error introduced by blink artifacts, thereby increasing model
robustness.

The last important contribution of this dissertation is introducing a cost-benefit framework
that accounts for model accuracy and runtime performance. The trade-off 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 AI, 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 differences 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 field 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
effective, 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 effects 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 Isreal-time detection of central field loss possible using eye-tracking data? S

The first question (RQ1) 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 specific characteristics in eye movements associated with different 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 affect 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 findings across different hardware and experimental contexts. Furthermore,
the impact of artifact mitigation techniques on deep learning performance is examined in
detail.

The final question (RQ3) 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-offs
between accuracy and computational cost to identify optimal configurations 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 five 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, I 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
first part of this thesis was conducted as part of IDeA, which was funded by the BMBF (grant
no. 16SV8102) and the work of many involved project partners. Blickshift GmbH, NMY Mixed-
Reality Communication GmbH, Talkingeyes&More GmbH, and the University of Tiibingen.
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 final portion of this thesis was con-
ducted as part of the Munich Center for Machine Learning (MCML) at LMU Munich. The
MCML connects fifty 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 effort with fellow
researchers and students. As such, I use the scientific 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 specific
related work to connect the three research questions with its specific related work.

Chapter 3: Gaze Patterns in Visual Impairments contains three studies to investigate how sim-
ulated visual impairments influence gaze behavior during realistic visual search tasks within
virtual environments. We designed the simulations based on semi-structured interviews
with individuals experiencing these conditions. After which we systematically explored how
different levels of visual impairment affect eye movements and visual search performance.
This chapter addresses RQL.
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Chapter 4: Standardizing investigates how we can go from gaze data to machine learning
models. We first investigate how literature has dealt with blink detection and the handeling
of gaps in eye tracking data. We then evaluate the impact of these different preprocessing
techniques on the error they introduce compared to the ground truth. Finally, we looked at
how blink artifacts affect the performance of a machine learning model, and how different
mitigation strategies influence 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 in real-time. We first investigate 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-offs
between accuracy and computational cost to identify optimal configurations for real-time
deployment. This chapter answers RQ3.

Chapter 6: Discussion reflects on the findings from the previous chapters in relation to the
overarching research questions. It synthesizes how different types and severities of simulated
visual impairments manifest in gaze behavior, evaluates the effectiveness 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 often 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 classification. 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 effects 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 field 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
shift 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), reflect 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 significant portion of this burden is avoidable through early
interventions and lifestyle modifications [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 efforts 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 often 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 significant benefits. Early detection of ocular conditions enables interventions that
preserve sight and reduce downstream disability costs. CFL, often due to macular degen-
eration or diabetic macular edema, exemplifies where prevention can be transformative.
Age-related macular degeneration (AMD), a leading cause of CFL in older adults, already
affects roughly one in ten people over age 50 [205] and incurs high treatment expenses, often
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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 effective 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 affect 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 fine vision and forcing reliance on
eccentric fixation [136]. Eye movements in AMD patients show increased fixation 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 differ 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 effects under controlled conditions, researchers developed vari-
ous methods to simulate AMD. Early approaches included affixing materials to computer
screens [274], while more recent efforts employ contact lenses [6], computer-based visual fil-
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 reflecting 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 specific perceptual challenges users face, providing empirical evidence for changes
in design, interface, or architectural planning. Such systems have been used to study navi-
gation efficiency, 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 significantly 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
field loss influences 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 field loss
slowed visual search in a supermarket task. VR simulations reveal that search and scanning
inefficiencies [236, 248], difficulty with object identification in cluttered scenes [178], and im-
paired driving [146] are all common consequences of glaucoma. Such findings 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 offering controlled exposure to daily challenges, such tools can personalize
assessments or inform adaptive technologies tailored to an individual’s specific visual field
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 fixations, delayed saccades, and decreased search efficiency [253,
268].

Cataract simulations include fixed 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 fixation 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 often static or lack the
temporal fidelity needed for high-resolution behavioral studies. As VR systems continue to
develop, there is a growing opportunity to model visual impairments effects 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 artificial 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
fixations [51, 222]. These fixations 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 affect everyday activities: reading rates drop [214], search becomes ineffi-
cient [131], and face recognition suffers [224]. Despite these measurable effects, AMD often
remains undetected for years [71], showing the need for unobtrusive early detection.

Importantly, these gaze behaviors are not only indicators of visual deficits but can also offer
insight into compensatory mechanisms and potential interventions. Adaptive technologies
and training programs could benefit 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 offers further promise. LSTM networks capture temporal dependencies in
time-series data and outperform traditional models in gaze-based predictions [33, 93, 242].
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Such models learn rich representations directly from raw input, reducing the need for hand-
crafted features. Applications range from mental health diagnostics [57] to driver attention
tracking [264].

However, many ML models require substantial, clean data, often 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-efficient 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-off 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 often assumes long observation periods are required. However, our findings
challenge this assumption and show that robust models can work effectively 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 Influencing Factors

Blinks are rapid eyelid closures that protect the eye and maintain tear-film 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
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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 BeGaze? (SensoMotoric Instruments GmbH., Toltow, Germany)
systems. These rely on pupil size or occlusion thresholds to flag blinks, yet they cannot
distinguish tracking loss from true eyelid closure [101]. Consequently, fixations adjacent to
blinks are often 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 infill blink gaps using local averaging [12] or
extrapolation [33], but practices vary widely.

In interactive 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-
tifies blink effects 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-offs of different
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
https://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 significantly 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 often go unnoticed due to their subtle and gradual pro-
gression. For example, cataracts, currently affecting over 65 million individuals globally,
progresses slowly, making early identification challenging [278]. Similarly, glaucoma and
AMD frequently remain undetected until significant and irreversible vision loss has occurred.
These conditions significantly affect daily activities, independence, and overall quality of
life, highlighting the need for preventive measures that enable earlier diagnosis and more
effective management.

Simulation techniques using augmented and virtual reality (AR/VR) offer 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 effectively demonstrated how visual impairments affect task per-
formance and gaze behaviors, serving as essential platforms for understanding impairment
impacts and developing preventive strategies [105, 132, 133]. However, they often user sim-
ulations that do not accurately represent how the world is perceived by those affected, are
often only visualizing one static severity that does not allow for the comparison of normal
eye movements with those during simulation-affected trials.

In this chapter, we investigate how different levels of simulated visual impairments influence
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 different levels of visual impairment affect eye movements
and visual search performance.

Our findings demonstrate that moderate-to-advanced stages of simulated impairments no-
tably alter gaze patterns and task performance. Conversely, early-stage impairments often
remain undetected by participants and show minimal immediate impact, emphasizing the
critical importance of objective measurement techniques capable of identifying subtle early-
stage changes. Specifically, we highlight how conventional visual impairment simulations
often inadequately represent patient-reported experiences, particularly with conditions like
AMD. By refining 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 first 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
addresses RQL.

RQ1: 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 Effects of AMD Severities on Eye Movements in Virtual
Environments.’ In: Mensch und Computer 2025. New 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 2025. MuC325.
Chemnitz, Germany: Association for Computing Machinery, August 31, 2025. DOI:
10.1145/10.1145/3743049.3743082

Grootjen, Jesse W. et al. ‘Effects 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. DO1: 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

14


https://doi.org/10.1145/3743049.3748561
https://doi.org/10.1145/3743049.3748561
https://doi.org/10.1145/10.1145/3743049.3743082
https://doi.org/10.1145/3771882.3771884

Understanding the Impact of Age-Related Macular Degeneration

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 reflect 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 effects of
central-field 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-field 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 affect your daily life? What challenges do
you face”? and “Do specific lighting conditions influence 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 influential to their vision. For the remaining five participants, P1 (female, 86 years old)
reported 3 — 5% residual vision in the left eye and no remaining vision in the right eye. P2
(female, 54 years old) reported 3% residual vision in her left eye; in the right eye, she receives
just light. 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 left. 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. “I see a road continue as normal, but I 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 infills”. Similar reports were made by P2: “While
standing in the kitchen, I 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 proficiency in English).

3.1.2 AMD Simulation

In the following, we describe the implementation of our effects pipeline using two parameters:
central-field loss and fading. It is important to note that we assume that the visualization is
completely round. This is oversimplified as there are indefinite variations.

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

Central-Field Loss We simulate the central-field loss using a scotoma with a spherical
shape of size S (diameter of the sphere) at a fixed 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 x d x tan(SC/2).
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Figure 3.2: A low-poly landscape with the central-field loss and fading visualization applied. In this
image, the red capsules have a custom material that hides these items in the central field 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?. The smoothstep function uses three parameters, the lower edge (eg), the upper
edge (e1), and the source variable for interpolation (x). If x is less than or equal to ey, it
outputs 0; if x is greater than or equal to ey, it outputs 1; and if z is between ¢y and e;, it
interpolates between ¢ (start edge) and e; (end edge) according to the Hermite interpolation.
The source variable for interpolation (z) 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.

0 ifz <eq
e \2 Cen\3 .
f(z) = 3(%) — 2(%) ifeg <z <ey
1 ifex>e

By applying the combination of the central field 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 affected, 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 encompasses 80%
of the 30°, specifically 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°, 8.6°, 12.9°, 17.2°, 21.5°, 25.8° 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 significantly less deficient in
search tasks compared to healthy participants in realistic scenes (such as rooms in a home) due
to the possibility of contextual cueing. This shows that displaying realistic scenes is necessary
to assess the deficiencies of visual impairment in search tasks adequately. Therefore, we
opted to show realistic environments of different rooms in the virtual environment. Similar
to David et al. [56], we built eight virtual environments to represent different 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, flashlight, glass, hairdryer, tape dispenser,
kettle, eraser, sticky notes, phone, highlighter, apple, duck, hole puncher, pencil sharpener,
first-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, effectively 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 + 3.41 seconds 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

(c) Dining Room (d) Bathroom

(g) Meeting Room (h) Office

Figure 3.3: All rooms used in the user study.

Procedure

The study coordinator first welcomed the participants, and the coordinator then introduced
and explained the study procedure. After 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.

After putting on the VR headset, the study coordinator navigated the participant to the
integrated eye-tracking calibration. After this, each participant did 4 practice trials without
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Figure 3.4: ltems 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, first aid kit,
screwdriver, pencil sharpener, smartphone, calculator, hairdryer, highlighter, kettle, and, flashlight.

any simulation to get familiar with the task before starting the experiment. After which, the
experiment was started. For each trial, we present the item the participant was tasked with
finding on a gray background. Once the participant confirms, 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
different spawning location was selected. This was then repeated for 15 items in each room.
We balanced the different 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 drift correction after each room, following the procedure from Sipatchin et al.
[233]. This drift correction was designed to compensate for eye tracking data quality decay in
VR due to the participant’s movement, which is known to induce drift into the precision of the
eye tracker [47]. These drifts can influence 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 first present the results of our preprocessing. After which, we present the
findings of how our simulation affects eye movements and task performance while being
affected by different severities of our AMD simulation.

Peprocessing

We calculated fixations and saccades using pymovements [129]. We leveraged ID-T algo-
rithm [217] with specific fixations thresholds set at a minimum fixation 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 fixation-based metrics: total fixation duration, average fixation duration, fixation
count, and the time from the start of the trial to the last fixation 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 offset, 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 left 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, specifically employing a two-level discrete
wavelet transform. We normalized the wavelet coefficients to ensure a uniform analysis and
identified key peaks in the signal to mark significant changes in pupil diameter. We then
applied a universal threshold to filter out noise.

In total, we have 1560 trials across all conditions and participants (120 per participant). We
filtered 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.
After all filtering, we were left with 1356 trials. 178 trials remained without central-field loss
simulation, 182 trials with 4.3° of central-field loss simulation, 178 trials with 8.6°, 172 trials
with 12.9°, 168 trials with 17.2°, 169 trials with 21.5°, 158 trials with 25.8° and 151 trials with
30° of central-field loss simulation remaining.

To investigate if there is an effect in the number of trials remaining after the filtering, we used
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Figure 3.5: Kernel Density Estimate of Time per Trial for each of the different central-field loss simula-
tions.

a Bayes repeated measures ANOVA using JASP with default prior scales, which we performed
to estimate the likelihood of an effect. This resulted in a BFjo = 0.169, thereby providing
strong evidence for the absence of an effect.

General Linear Mixed Model Results

We use generalized linear mixed-effect models (GLMMs) to analyze the data from our complex
experiment design as it allows us to account for random effects due to individual variability,
rooms, objects, spawning locations, or learning effects 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-fitted one. For each dependent
variable, our formula was DV ~ condition + (1|Room) + (1|Object) + (1|Location) +
(1|TrialNr) + (1|Pid) 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-field loss condition exhibits substantial
explanatory power, with a conditional R? = 0.70 and a marginal R? = 0.56 related to the fixed
effects using an inverse Gaussian family with an identity link. The intercept of the model,
representing no central-field 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 affected by the central-field loss (see Figure 3.5). The time required for each
trial was largest in the case of the 30° central-field loss, as confirmed by the GLMM analysis
(t = 2.72, p = .007). We further found significant differences for 25.8° (t = 2.14, p = .033),
21.5° (t = 3.13, p = .002), 17.2° (t = 2.35, p = .019) and 12.9° (¢t = 1.97, p = .049). We found
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Figure 3.6: Pupil diameter for each of the different central-field loss simulations.

no significant differences in time per trial for the two lowest central-field loss simulations,
namely 8.6° and 4.3°.

Pupillometry

Index of Pupillary Activity We did not find significant differences for the index of pupillary
activity with a R? = 0.04 and a marginal R? < 0.01 related to the fixed effects using an inverse
Gaussian family with an identity link. The intercept of the model, representing no central-
field loss simulation, was estimated at 0.66 (¢ = 16.29, p < .001). We found no significant
differences in the index of pupillary activity for all conditions of central-field loss simulations,
30° (t = —0.66, p = .509), 25.8%, (t = —0.88, p = .379) 21.5° (t = —1.22, p = .223), 17.2°
(t = —151,p = .131), 12.9° (¢t = —2.11, p = .055), 8.6° (t = —0.30, p = .767), and 4.3° of
central-field loss (t = —0.15, p = .879).

Pupil Diameter Our model for pupil diameter as a function of central-field loss condition
exhibits substantial explanatory power, with a conditional R? = 0.84 and a marginal R? = 0.54
related to the fixed effects using a Gamma family with an identity link. The intercept of
the model, representing no central-field 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 affected by the central-field loss (see, Figure 3.6). The largest pupil diameter
for each trial was in the case of the 30° central-field loss, as confirmed by the GLMM analysis
(t = 3.01, p = .003), we further found significant differences for 25.8° (¢t = 2.72, p = .007),
21.5° (t = 2.36, p = .018), 17.2° (t = 2.20, p = .028). We found no significant differences in the
pupil diameter for three conditions of central-field loss simulations, namely 12.9° (¢ = 1.63,
p = .104), 8.6° (t = 0.71, p = .481) and 4.3° (¢ = 0.64, p = .525).
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Figure 3.7: Fixation rate for each of the different central-field loss simulations.

Fixations

Fixation Rate Our model for fixations rate as a function of central-field loss condition
exhibits substantial explanatory power, with a conditional R? = .69 and a marginal R? = .44
related to the fixed effects using a Gamma family with an identity link. The intercept of
the model, representing no central-field loss simulation, was estimated at 25.93 (¢t = 19.78,
p < .001). We found that participants made more fixations with a higher area of their central
vision affected by the central-field loss (see, Figure 3.7). The highest fixation rate for each trial
was in the case of the 25.8° central-field loss, as confirmed by the GLMM analysis (t = 4.52,
p < .001), we further found significant differences for 30° (t = 3.04, p = .002), 17.2° (t = 2.95,
p =.003), 12.9° (t = 3.03, p = .003). We found no significant differences in fixation rate for
three conditions of central-field loss simulations, namely 21.5° (¢ = 1.75, p = .080), 17.2°
(t = 1.24, p = .216) and 4.3° (¢ = 0.45, p = .650).

Mean Fixation Duration We did not find significant differences for mean fixation duration
with a R? = 0.08 and a marginal R? < 0.01 related to the fixed effects using an inverse
Gaussian family with an identity link. The intercept of the model, representing no central-
field loss simulation, was estimated at 0.16 (¢ = 18.77, p < .001). We found no significance
between conditions. We found no significant differences in mean fixation duration for all
conditions of central-field loss simulations, 30° (¢t = —1.03, p = .301), 25.8°, (¢t = 0.70,
p = .485) 21.5° (t = —1.28, p = .200), 17.2° (t = 0.66, p = .508), 12.9° (t = —0.54, p = .591),
8.6° (t = —0.97, p = .335), and 4.3° of central-field loss (t = —1.10, p = .272).
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Figure 3.8: Saccade amplitude for each of the different central-field loss simulations.

Saccades

Saccade Amplitude Our model for saccade amplitude as a function of central-field loss
condition exhibits substantial explanatory power, with a conditional R? = 0.79 and a marginal
R? = 0.54 related to the fixed effects using a Gamma family with an identity link. The intercept
of the model, representing no central-field loss simulation, was estimated at 25.93 (¢ = 13.55,
p < 0.001). We found that participants took smaller saccades with a higher area of their
central vision affected by the central-field loss (see, Figure 3.8). The smallest saccades for
each trial was in the case of the 21.5° central-field loss, as confirmed by the GLMM analysis
(t = —4.89, p < 0.001), we further found significant differences for 30° (t = —3.22, p = .001),
25.8° (t = 2.64, p = .008), 17.2° (t = 2.25, p = .025). We found no significant differences in
saccade amplitude for the three lowest central-field loss simulations, namely 12.9° (t = —1.83,
p = .067), 8.6° (t = 0.02, p = .982) and 4.3° (¢ = 0.19, p = .852).

Saccade Frequency Our model for saccade frequency as a function of central-field loss
condition exhibits substantial explanatory power, with a marginal R?> = 0.34 related to
the fixed effects using a Gaussian family with an identity link. The intercept of the model,
representing no central-field 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
affected by the central-field loss (see, Figure 3.9). The highest saccade frequency for each trial
was in the case of the 30° central-field loss, as confirmed by the GLMM analysis (t = —2.31,
p = .021). However, this was also the only significant difference we found. We found no
significant differences in saccade frequency for the remaining central-field loss simulations,
namely, 25.8°, (t = —0.80, p = .424) 21.5° (t = 1.42, p = .155), 17.2° (t = —0.78, p = .433),
12.9° (t = 1.62, p = .106), 8.6° (t = 0.68, p = .497), and 4.3° of central-field loss (¢t = —0.92,
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Figure 3.9: Saccade frequency for each of the different central-field 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 field loss that aims to more closely
reflect 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 influence 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 all
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 sufficient 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
questions 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 specific lighting conditions have influence 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 influential
to their vision. For the remaining three participants, P1 (female, 68 years old) reported no
effect 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.
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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 first sign that something was off
was when I noticed I was bumping into things more often”. P2: “I just noticed things were
missing; I wouldn't see them until I basically tripped over them”. Furthermore, P3 states, “I
can see the road, but I cannot see the bike coming”. (If participant statements were not made
in English, quotes have been translated by a native speaker with full professional proficiency
in English). When we showed them how glaucoma is often visualized, they mentioned the
following. P2 stated, “The periphery of my vision isn’t just dark; I 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 different visualizations of the effect, 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 effects pipeline for simulating glaucoma as
described in the interviews. For our effects pipeline, we use two parameters, namely, the
peripheral field 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 oversimplified as there
are indefinite 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) at a fixed distance (d) from the camera for each eye in VR while being gaze-contingent,
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NClegrees 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 x d x tan(INC/2). This allows us to manipulate the area of the vision that is not
obstructed by our glaucoma simulation.
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To prevent the peripheral field loss from resulting in a hard cutoff, we implemented a fading
effect on the inside of the sphere determined by the peripheral field loss as described above.
Our fading implementation is an adaptation and modification of the smoothstep function
(see, http://www.thebookofshaders.com/ last accessed: April 20, 2026). The modified
smoothstep function requires three parameters: the lower edge (eq), the upper edge (ey),
and the source variable for interpolation (z). 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 z is between ¢y and ey, it interpolates
between ¢ (start edge) and e; (end edge) according to the Hermite interpolation. The source
variable for interpolation (z) 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
modified smoothstep function as alpha values of the objects’ texture to control the objects’
visualization.

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

By applying this combination of the peripheral field loss and fading as a custom shader
effect in Unity, we were able to simulate the loss of peripheral vision where objects treated
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with a custom material disappear when they are not obstructed by the sphere. This, while
leaving the rest of the Unity scene unaffected, 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 affect 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 effects 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 significantly 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 finding highlight the importance of using
realistic environments to accurately assess the deficiencies 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-fidelity virtual environments repre-
senting different rooms in a household, see Figure 3.3. The search items included common
household objects such as a medicine bottle, screwdriver, calculator, and flashlight, 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: Iltems 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, first aid kit,
screwdriver, pencil sharpener, smartphone, calculator, hairdryer, highlighter, kettle, and, flashlight.

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 = 3.63 seconds), 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. After participants had signed the consent form, we asked them to fill
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. After the participant confirmed, 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 different conditions, ranging from no simulated
peripheral vision loss to 30 degrees of remaining central vision in equal increments, using
a latin square design. After each room, we applied a drift correction following the method
of Sipatchin et al. [233], compensating for the known issue of eye-tracker drift 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 first outline the results of our preprocessing steps. We then present the
findings on how varying severities of our glaucoma simulation influenced participants’ eye
movements and task performance.

Preprocessing

We analyzed fixations and saccades using pymovements [129]. Specifically, we employed its
implementation of the ID-T algorithm [217], using a minimum fixation 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 fixation metrics, including total fixation duration, average
fixation duration, fixation count, and the time between the start of a trial and the last fixa-
tion. For saccades, we utilized pymovements’ microsaccade detection algorithm [62], which
allowed us to compute saccadic amplitude (the angular distance between saccade onset and
offset) 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, defined 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 d is 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 final ten gaze samples fell within 180% of d, the trial
was retained. Additionally, trials exceeding 20 seconds in duration were discarded. After
applying these filters, 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 filtering 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 BFy = 0.031, providing strong
evidence against any condition-related effect 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-effect models (GLMMs), which are well-suited for accounting for random effects due to
individual differences, room variability, object placement, spawning locations, and potential
learning effects. This approach is particularly effective for handling non-normal data and
repeated measures designs [41, 229]. The general formula used for each dependent variable
was DV ~ condition + (1|Room) + (1|Object) + (1|Location) + (1|TrialNr) + (1|Pid),
where DV represents the dependent variable. We conducted the analysis in R using the Ime4
package [21]. We report conditional R? as R? and marginal R? as R2,.

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 fixed effects 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 affected 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
confirmed by the GLMM analysis (t = 7.93, p < .001), we further found significant differ-
ences for 40° (t = 3.13, p = 0.002), 50° (t = 2.38, p = 0.018), and 70° (¢t = 2.06, p = 0.040).
We found no significant differences in time per trial for the three lowest peripheral vision
loss simulations, namely 60° (¢t = 1.47,p = 0.141), 80° (¢ = 1.00,p = 0.316), and 90°
(t = —0.40, 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 find significant differences for fixation rate with a R? = 0.59 and
amarginal R? = 0.18 related to the fixed effects using a Gamma family with an identity link.
The intercept of the model, representing no peripheral vision loss simulation, was estimated
at3.67 (t = 23.72, p < .001). We found no significance between conditions. 30° (t = 0.21, p =
0.836), 40° (t = 1.75,p = 0.079), 50° (¢ = 0.10, p = 0.918), 60° (t = 0.45, p = 0.653), 70°
(t = —0.09,p = 0.926), 80° (¢t = 0.05,p = 0.963), and 90° (t = 0.79, p = 0.428) of vision
remaining.

Mean Fixation Duration We did not find significant differences for mean fixation duration
with a R? = 0.09 and a marginal R? < 0.01 related to the fixed effects 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 significance between
conditions. 30° (t = 0.25, p = 0.804), 40° (t = —0.08, p = 0.936), 50° (t = —0.77, p = 0.441),
60° (t = 1.35,p = 0.176), 70° (t = 0.97,p = 0.332), 80° (t = —0.95, p = 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? = 0.92 and a
marginal R? = 0.42 related to the fixed effects using a Gamma family with an identity link.
The intercept of the model, representing no peripheral vision loss simulation, was estimated
at 25.74 (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 affected 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 confirmed by the GLMM analysis (t = —3.09, p = 0.002), we further found
significant differences for 40° (t = —2.51, p = 0.012), 60° (¢t = —2.97, p = 0.003). We found
no significant differences 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 = 0.45, p = 0.652), and
90° (t = 1.08, p = 0.279) of vision remaining.

Saccade Frequency We did not find significant differences for saccade frequency with
a R? = 0.40 and a marginal R? = 0.17 related to the fixed effects using a Gamma family
with an identity link. The intercept of the model, representing no peripheral vision loss
simulation, was estimated at 2.71 (¢ = 23.20, p < .001). We found no significance between
conditions. 30° (—0.07, p = 0.940), 40° (t = 0.87,p = 0.383), 50° (¢t = 0.15,p = 0.878),
60° (t = 0.37,p = 0.712), 70° (t = —0.22, p = 0.827), 80° (t = —0.93, 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? = 0.03 related to the fixed effects 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.
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Figure 3.17: Pupil size for each of the different peripheral vision loss simulations.

peripheral vision affected 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 confirmed by the
GLMM analysis (t = —3.32, p < .001), we further found significant differences for 40° (¢t =
2.39, p = 0.017). We found no significant differences in saccade amplitude for four peripheral
vision loss simulations, namely 50° (¢ = —0.99, p = 0.320), 60° (¢ = —1.00, p = 0.315), 70°
(t=-1.35p = 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? = 0.90 and a marginal R? = 0.32 related
to the fixed effects 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 affected 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 confirmed
by the GLMM analysis (¢t = 4.31, p < .001), we further found significant differences for 40°
(t = 3.59,p < .001),50° (t = —2.97, p = 0.003) and 60° (t = 2.08, p = 0.037). We found
no significant differences in saccade amplitude for four peripheral vision loss simulations,
namely 70° (t = —0.86, p = 0.390), 80° (¢ = 0.14, p = 0.892), and 90° (t = —1.56, p = 0.119)
of vision remaining.
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3.3 Effects of Cataracts Severities on Eye Movements

Cataracts gradually impair vision, yet their subtle early-stage effects are often overlooked
by both individuals and standard diagnostics. In this chapter, we investigate how different
severities of simulated cataract progression influence eye movements and task performance
in virtual environments. Building on a validated simulation pipeline informed by patient
interviews, we examine both subtle monocular and pronounced binocular impairments
over varying durations. Through controlled visual search tasks, we assess behavioral and
physiological changes, aiming to understand when impairments become noticeable and how
eye tracking might serve as a foundation for early, gaze-based cataract detection systems.

3.3.1 Cataracts Simulation

For our simulation, we re-implemented the effects pipeline by Krosl et al. [133] in Unity using
the five parameters: reduced VA, contrast loss, color shift, loss of peripheral vision, and
sensitivity to light.

(d) Luminance Red.

(c) Interp. with Gray

(e) Color Interpolation  (f) Sim. Color Filter  (g) Sensitivity to Light  (h) Effects Combined

Figure 3.18: An example image of a low-poly landscape with the implemented effects applied. (a) No
visualizations applied. (b) Only the loss of visual acuity filter is applied [133].

3.3.2 Contrast Loss

The work from Krosl et al. [133] already implemented a reduced contrast using gray inter-
polation. Additionally, we re-implemented the compression of the luminance value from
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Krosl et al. [132]; allowing for more control in simulating the mechanism of the human eye
since it is implemented in the CEILAB color space (also referred to as L*a*b*). This is because
adjusting RGB color channels linearly does not produce linear changes in contrast [132]. To
reduce the contrast by compressing the luminance, the RGB value of each pixel needs to be
transformed into the CEILAB color space first. After this, we can apply the following formula
L = Ly x1+450x (1—1) where L represents the new luminance value, ; the initial luminance,
and/ € [0,1], [ € R as a scaling factor. To preserve the average lightness 50 x (1 — 1) is
added [132]. We visualize this in Figure 3.18d.

3.3.3 Color Shift

While Krosl et al. [133] implemented a color filter, we additionally re-implemented the interpo-
lation by Krosl et al. [132]. We implemented this option as it seems to be more representative of
online visualizations used to illustrate cataracts. Hence, we implemented both to be evaluated
in interviews later.

3.3.4 Sensitivity to Light

As Krosl et al. [133] used Unreal Engine, we could not use the same bloom post-processing.
Instead, we used the Bloom effect provided by Unity as it is a similar post-processing effect.
This processing effect allows us to manipulate the light’s intensity, threshold, and diffusion.
These allow us to simulate the effect of images blurring, with bright lights proving especially
problematic due to the intense glare they produce [132]. In Figure 3.18g, we visualize this part
of our effects pipeline.

3.3.5 Loss of Peripheral Vision

Lastly, cataracts result in lens clouding. While for nuclear cataracts, this clouding spans the
entire lens uniformly, subcapsular cataracts are often visualized as a dark shadow in the
center of the lens, and cortical cataracts are often visualized as a dark shadow in the periphery
of the lens. We simulate this loss of peripheral vision using a gaze-contingent stencil shader
implementation that hides items with a specific material. This results in hidden items outside
the area (i.e., in the peripheral). We chose this approach as we found during pilot testing that
participants always perceived these dark shadows simulations that other work had used [132,
133], even when these changes were minimal. This is the case as current hardware cannot
keep up with human perception regarding refresh rate and latency, thus making it unsuitable
for our study. Figure 3.20 visualized the loss of peripheral vision from our pipeline.
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Figure 3.19: A low-poly landscape without any of the cataract parameters applied (Normal Vision).

Figure 3.20: A low-poly landscape with the peripheral loss visualization applied. In this image, the
red balls have a special invisible material that hides these items in the periphery. This simulation is
gaze-contingent.

3.3.6 Cataracts Simulation Validation

In an effort to validate our implementation of the different cataract parameters and the
progression of cataracts, we held semi-structured interviews with individuals who either
currently have cataracts in one eye or recently had cataract surgery. The interviews all
consisted of two parts: demographic questions and, following this, an iterative parameter
adjustment. All were done over video call or in person on a normal screen.

Procedure

We prepared a sample scene with a low-poly landscape for the iterative parameter adjustment.
In this scene, we implemented parameters for VA reduction, contrast loss, color shift, and
sensitivity to light. When two approaches were available, we implemented both, all according
to subsection 3.3.1. Before the interview, we sent out the consent forms and a copy of the
procedure so the participants had ample time to read through them before participating in
the interview. One interview took place in person, and the remaining was over video call. At
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the start of the interview, we asked if the participant had any questions about the consent
form procedure. After this, we started off with a series of demographic questions relevant
to the study at hand. After the demographic questions, we came to the iterative parameter
adjustment. During the iterative parameter adjustment, we inquired about the different
implementations for contrast loss and color shift, which are more capable of recreating their
visual perception. We did not represent the loss of peripheral or central vision using the
stencil shader approach; instead, we applied a vignette or inverted vignette effect, as the
stencil shader effect is not "visible" and therefore, participants were unable to indicate the
size accurately. During the iterative parameter adjustment, we used the sliders to adjust the
parameters to recreate the participants’ visual impression of their cataracts. First, one by
one, after which all parameters are combined, as some affect each other.

Participants

In total, we interviewed six individuals who either currently have cataracts in one eye or
recently have had cataract surgery. Two participants were excluded as one reported to have
far progressed age-related macular degeneration, which is more influential to their vision,
and one participant was excluded as they reported the progression of cataracts to happen
within the span of one month, which contradicts existing literature [158]. For the remaining
four participants, P1 (female, 82 years old) reported -2 dioptri in the right eye, where the last
cataract surgery was in 2014. P2 (male, 74 years old) was interviewed after recent cataract
surgery; during that interview, there was no reported loss of vision. P3 (female, 56 years
old) reported < 5% vision remaining in her right eye, where she had cataract surgery last
performed in 2008. However, her vision was affected by several other vision impairments. P4
(male, 68 years old), interviewed after recent cataract surgery, reported +2.5 dioptri in both
eyes. Unfortunately, none of the participants reported the exact type of cataracts.

Results

During the interviews, we found that all participants reported that the interpolation with gray
(see Figure 3.18c) is more representative of the loss of contrast and that the color interpolation
(see Figure 3.18e) is perceived to be more representative of the color shift. All participants
went through the iterative parameter adjustments until they found that this represented their
perception (either in the cataracts-affected eye or while it was affected).

We visualize their reported cataracts progression over time in Figure 3.21. For every parameter
respectively, we do not plot those where the parameters were not present. Furthermore, we
visualize all parameters’ average progression over time using the dashed lines. By doing so,
we assume a linear growth of each parameter, as we could not collect data about progression
over the span of multiple years®. None of our participants report any loss of peripheral vision.

$We acknowledge that this might oversimplify the progression of cataracts.
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Figure 3.21: The progression of the different parameters over the years. Each line represents the
progression for one interviewee, where the colors are consistently representing the same participant
throughout the graphs. Where interviewees did not report a progression of one parameter, this is not
represented in the data. The dashed line represents the average linear progression over 10 years.

3.3.7 Minimal Noticeable Differences

While cataracts traditionally present themselves in both eyes, our goal in this study is to
visualize minimal progression to (1) investigate if participants notice the changes and (2)
investigate if these changes affect eye movements and task performance before the partici-
pants become aware of the presence of the simulation. As such, in the following section, we
showed the simulation exclusively in the non-dominant eye, as participants are less likely
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to notice the change [208]. In this and the following study, we chose to simulate cataracts
rather than recruiting participants already affected by cataracts for three reasons. (1) Those
affected by cataracts are sensitive to light, in VR this would mean exposing them to the LUX
output of the headset, which can be uncomfortable for them. Furthermore, (2) simulations
allow us to maintain precise control over the progression and severity of visual impairment.
Simulations allow us to systematically vary the degree of cataract opacity and closely mon-
itor subtle changes in participants’ visual experiences, which would be challenging with
individuals naturally affected due to variability in progression and subjective experiences.
Finally, (3) simulations enable us to isolate and specifically investigate the early stages of
cataract development and their initial impact on visual perception and behavior, offering
clearer insights into early detection and management strategies.

Apparatus

We selected a visual search task to assess the impact of the cataract simulation on participants’
behavior and performance. Visual search tasks have been employed widely to investigate
visual impairments both on 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 Age-
Related Macular Degeneration are significantly less deficient in search tasks compared to
healthy participants in realistic scenes (such as rooms in a home) due to the possibility of
contextual cueing. This shows that displaying realistic scenes is necessary to adequately
assess the deficiencies of visual impairment in search tasks. Therefore, we opted to show
realistic environments of different rooms in the virtual environment. Similar to David et
al. [56], we built eight virtual environments to represent different rooms in a house; see
Figure 3.3. We ensured that luminance in all rooms was consistent, see ??2.

For the search items, we used items that could be found in a household, namely, an apple,
calculator, rubber duck, first aid kit, flashlight, glass, hairdryer, kettle, medicine bottle, phone,
screwdriver, soap bar, or stapler. 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 HMD has two AMOLED screens, with a resolution
of 2.880 x 1.600 pixels in total (1.440.600 pixels to each eye, resulting in a pixel density of
615 pixels per inch (PPI)), with a native refresh rate of 90 Hz and a field of view of 110°. The
built-in Tobii eye tracker was accessed using the Vive SRanipal SDK at a sampling frequency
of 120 Hz.

We collected the head position and directional 3D vectors from Unity. We recorded eye
tracking data using the built-in eye tracker in the HTC Vive Pro Eye (120Hz) through the
SRanipal SDK, giving us eye-directional 3D vectors relative to both the world and the head. To
facilitate our analysis, we converted the head directional 3D vectors, eye-in-world directional
3D vectors, and directional 3D vectors into 2D Fick angles using the Fick-gimbal method [92].
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This transformation applies two sequential rotations (vertical axis followed by a nested
horizontal axis) to characterize the position of each vector. These resulting 2D Fick angles
for eye and head directions served as the foundation for our subsequent analysis. For the
analysis, we focused on the eye tracking data for each trial. Our trials were relatively brief,
with a mean duration of 5.3 £ 8.89 seconds, leading us to perform eye tracking analysis at the
trial level instead of examining behaviors within individual trials.

We calculated fixations and saccades using pymovements [129], an open-source Python pack-
age for analyzing eye-tracking data. We leveraged pymovements’ implementation of the ID-T
algorithm [217] with specific fixations thresholds set at a minimum fixation duration of 83 ms
and a maximum dispersion of 1.8°, in line with prior work [22, 0, 260]. From this, we derived
fixation metrics including: total fixation duration, average fixation duration, fixation count,
and latency to the final fixation in each trial. For saccades, we again leverage pymovements,
this time for its implementation of the microsaccade algorithm [62]. This algorithm allows us
to calculate the saccadic amplitude and saccade frequency. We defined saccadic amplitude as
the angular displacement in degrees from onset to offset, and computed saccadic frequency
by dividing saccade count per trial by trial duration in minutes. To calculate the average
pupil dilation for each trial, we computed the mean of the left and right pupil sizes and sub-
sequently 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, specifically employing a two-level discrete wavelet transform. We normalized the
wavelet coefficients to ensure a uniform analysis and identified key extremes in the signal to
mark significant changes in pupil diameter. We then applied a universal threshold to filter
out noise.

Procedure

The study coordinator first welcomed the participants and, after signing the consent form,
asked them to answer a few demographic questions. The coordinator then introduced and
explained the study procedure. Namely, they were tasked with searching for household
items in 8 rooms. Additionally, the study coordinator told the participant that we would
manipulate something throughout the study, and if the participant noticed, they should
report it. Afterward, the coordinator and participant determined the dominant eye using
the Dolman method [43]. Finally, before entering VR, the study coordinator explained the
hardware and controls relevant to the study to the participants.

After putting on the HTC Vive Pro Eye, the study coordinator navigated the participant to the
integrated eye-tracking calibration. After which, the experiment was started. For each trial,
we present the item the participant was tasked with finding on a gray background. Once the
participant confirms, 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 different spawning location was selected. This
was then repeated for 15 items in each room. We increased the severity of the simulation
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linearly after each trial, except for when the participant moved from one room to the next
for the participant in the linear increase condition. For the control condition, there was no
change. In the linear increase condition, the participants all started without any cataract
simulation and ended with a simulation severity of 1 year as determined in the interviews
(see section 3.3.6). As the participants were made aware that we would manipulate something
throughout the study, they were asked to report anything they noticed that was off from how
they expected it to be. If they did not actively report to the study coordinator before the end
of the study, the study coordinator asked them specifically if they noticed something odd.

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

Participants

We conducted our study with 33 participants, ages 20 to 71 (mean = 27.6, std = 10), with 14
identifying as male, 19 as female, and none as non-conforming. Six participants wore contacts
during the experiment. The remaining participants had normal vision, with 19 being rightly
dominant-eyed, and 15 had a left dominant eye, as determined by the Dolman method. 20
participants were part of the linear increase, while the remaining participants were part of the
control condition. One participant in the linear increase condition was excluded as their eye
tracking data was incomplete. While we recognize the imbalance between the two conditions,
our analysis methods are robust against this imbalance [197]

Results

In this section, we first present the findings of how our simulation affects eye movements,
among others, while being influenced by the cataract simulation. We employ the Bayesian
Independent Samples T-Test to compare the slopes of fitted linear regressions over the
severity.

Preprocessing

We had a total of 3840 trials (120 trials per participant). Following this, we filtered out trials
where the participants had excessive head movements as we were interested in gaze. We
define excessive head movements as trials where the participant moves their head 15 cm
higher or lower than the overall average across all trials. We also filtered out trials where the
participants did not look at the object they were supposed to search for. To do 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, or length. Using the following formula:
0 = arctan (%), we calculated the maximum angular diameter of each sample 6. Then, we
compared the absolute angle of the gaze to the center of the object during the trials and
the angle at which the object took us in the virtual environment. If, in the last ten samples
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of a trial, more than 50% of the absolute gaze angle was higher than 180% of ¢, trials were
discarded. Lastly, we excluded trials that were more than 20 seconds. After preprocessing,
we had a total of 3616 trials remaining.

Bayesian Results

We fit a linear regression for each participant over the different extracted eye-tracking char-
acteristics to compare the two conditions (linear increase of simulated cataract severity
and control). As we expect that there will be a learning effect throughout the user study
and per room, we compared the slopes of these regressions using Bayesian independent
sample t-tests. Thus, we conducted a Bayesian independent sample t-test using JASP. Priors
for all tests were set to be Cauchy (location = 0, scale = 0.707), with our alternative hypothesis
being that the slopes from linear change and control are not equal. We found BFjy = 0.103,
error % = 0.166 when including all the different extracted eye-tracking characteristics. This
indicates strong evidence that the slopes of the linear change and control are equal. We
further explored the data by looking at individual eye-tracking characteristics. Our results
show anecdotal to moderate evidence that the slopes of the linear change and control are
equal (Hy). However, when exclusively looking at the fixation slope and fixation rate, we
find anecdotal evidence for the sloped being different (H;). We report the results of all our
tests in Table 3.1 and Table 3.2. We checked if normalizing the participants’ variance showed
differences compared to the slopes reported; however, running the same test with the z-score
normalization increases the evidence for the data being from the same population.

Table 3.1: Bayesian Independent Samples T-Test (Time, Pupillometry, and Saccade Measures)

Saccades

Time  IPA PD  Amplitude Freq

BF10 0.345 0.350 0.420 0.346 0.338
error % 0.009 0.003 0.010 0.009 0.007

Out of the 19 participants included in the final results with the linear increase, we found that
60% of these participants (12) were unaware of the simulated visual impairment at the end of
the user study. This means they were unaware of the progression that normally would happen
over a year in 30 minutes. Of those who did notice the simulated cataracts, 6 participants
noticed it in the second half of the study. All of those who noticed described the loss of VA as
noticeable. At the same time, none of the participants reported having seen any of the other
effects, even when explicitly asked for it at the end of the user study.

Table 3.2: Bayesian Independent Samples T-Test (Fixation Measures)

Count Disp. Area Avg.Dur Std.Dur Tot.Dur Var.Dur Rate

BFio 0.407 0.671 0.400 0.375 0.368 0.552 1.014
error %  0.011 <.001 0.012 0.013 0.013 0.017  <.001
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Interim Discussion

We found that most participants were unaware of the simulation of cataracts. Given how
we have developed the virtual environments, this articulated the established finding that
contextual cueing influences the ability of those with simulated visual impairment to find
objects [198]. This echoes the importance of implementing realistic scenes and items to
investigate simulated visual impairments. Furthermore, we found that 60% of our participants
were completely unaware of the simulation representing the progression of one year of
cataracts in the study of 30 minutes. Since participants were unaware of the progression,
we expect that, since the progression happens much slower, individuals who experience
cataracts will be unlikely to notice it themselves, even after several years of progression. This
is corroborated by our interview findings, in which one of our participants mentioned that
they were unaware of their cataracts; however, the doctor diagnosed < 5% of residual vision.
This expresses the need for detection methods for visual impairments, as when the individual
notices the visual impairment, it might already be in a far progressed state.

When analyzing the eye tracking characteristics, we found no differences between those who
experienced a linear increase in severity and those in the control condition. More precisely,
we found strong evidence that these are equal, which could be attributed to the learning effect
of gradually increasing the simulation. While we manipulated the severity of the cataract
simulation over one year, we did not investigate further progression or binocular cataract
simulation. As such, in the second user study, we will increase the severity and change the
paradigm to binocular.

3.3.8 User Study

In subsection 3.3.7, we saw that the potential learning effect outways the visualization of
cataracts when gradually increasing the simulation in the non-dominant eye. In this follow-
up, we simulate up to 36 months of progression in 8 conditions using a Latin square balanced
experimental paradigm. Varying from no simulation up to 36 months of progression in equal
increments following the results of the section 3.3.6. In the remainder of this section, we
discuss the user study performed with 32 participants. The apparatus and procedure are the
same as subsection 3.3.7.

Participants

We recruited 34 participants for the evaluation. However, we had to exclude two participants
(one for technical issues and one who did not follow the instructions). The remaining 32
participants, ages 19 to 68, had a mean age of 27.3 (SD = 10.2), 16 identifying as female, and
16 identifying as male. All participants had normal or corrected-to-normal vision through
contact lenses. Finally, none of the participants participated in the first user study.
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3.3.9 Results

In this section, we first present the results of our preprocessing. After which, we present the
findings of how our simulation affects eye movements and task performance while being
affected by different severities of our cataract simulation.

Preprocessing

After extracting the relevant eye tracking characteristics following section 3.3.7. After all
filtering, we were left with 3149 trials. 402 trials for no visualization, 406 for 5.1 months of
progression, 400 for 10.3 months or progression, 410 for 15.4 months of progression, 371
for 20.6 months of progression, 395 trials for 25.7, 401 trials for 30.9, and 364 for 36 months
of progression. To investigate if there is an effect in the remaining number of trials after
preprocessing, we used a Bayes repeated measure ANOVA in JASP with default prior scales to
estimate the likelihood of an effect. This resulted in a BF}y = 0.05, thereby providing strong
evidence for the absence of an effect.

General Linear Mixed Model Results

We use generalized linear mixed-effect models (GLMMs) to analyze the data from our ex-
periment allowing us to account for the complex experiment design by using random ef-
fects for individual variability, rooms, objects, spawning locations, or learning effects and is
particularly suited for our data as it is non-normally distributed and allows for a repeated
measures design [41, 229]. For each dependent variable, we include a brief description of
each part, including their observed distribution (i.e., corresponding distribution family).
These distribution families are selected based on comparing all possible distributions against
the data and selecting the best-fitted one. For each dependent variable, our formula was
DV ~ condition + (1|Room) + (1|Object) + (1|Location) + (1|TrialNr) + (1|Pid) where
DV is our dependent variable and condition is the 8 different months of cataract progression.
We conducted our analysis in R with Ime4 [21]. We report conditional R? as R? and marginal
R%?as R2,.

Time per trial

Our model for time per trial as a function of cataract progression exhibits substantial ex-
planatory power, with a conditional R? = 0.72 and a marginal R? = (.50, using an inverse
Gaussian family with an identity link. The intercept of the model, representing no simulated
cataract progression, was estimated at 4.41 (¢t = 10.54, p < .001). We found that time per
trial increased significantly as cataract progression advanced over time. At 5.1 months, the
change in time per trial was not significant (¢ = 1.46, p = 0.143). However, by 10.3 months, a
significant increase was observed (¢t = 2.29, p = 0.022), suggesting a growing impact on task
performance. A similar pattern emerged at 15.4 months (¢t = 1.98, p = 0.048), confirming a
gradual decline in efficiency. The most pronounced effects appeared at 20.6 months (¢ = 5.08,
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Figure 3.22: Kernel Density Estimate of time per trial for each of the different cataract simulations.

p < .001), 25.7 months (t = 2.62, p = 0.009), and 30.9 months (t = 4.34, p < .001), demonstrat-
ing a significant reduction in performance speed as the simulated cataract worsened. By 36.0
months, the time per trial had increased substantially, with the strongest observed effect
(t = 6.00, p < .001), reinforcing the detrimental impact of extended cataract progression on
task completion times, see Figure 3.22.

Mean Fixation Duration

Our model for mean fixation duration as a function of cataract progression exhibits limited
explanatory power, with a conditional R? = 0.11 and a marginal R? = 0.02, using an inverse
Gaussian family with an identity link. The intercept of the model, representing no simulated
cataract progression, was estimated at 0.15 (¢ = 18.63, p < .001). We found no significant
changes in mean fixation duration for most of the cataract progression conditions. At 5.1
months, the change in mean fixation duration was not significant (¢t = 1.25, p = 0.265).
Similarly, at 10.3 months, there was no significant effect observed (¢t = 1.16, p = 0.450). At
15.4 months, the effect remained non-significant (¢t = 1.40, p = 0.140), indicating that early
cataract progression does not strongly impact fixation duration. Even as cataract severity
increased, the changes in mean fixation duration did not reach statistical significance at 20.6
months (¢t = 2.11, p = 0.135), 25.7 months (¢t = 2.15, p = 0.132), or 30.9 months (¢t = 2.20, p =
0.128). By 36.0 months, the effect remained non-significant (¢t = 1.28, p = 0.201), reinforcing
that mean fixation duration does not appear to be substantially influenced by the simulated
progression of cataracts in our study.

Fixation Rate

Our model for fixation rate as a function of cataract progression exhibits moderate explana-
tory power, with a conditional R? = 0.59 and a marginal R? = 0.30, using an inverse Gamma
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Figure 3.23: Fixation rate for each of the different cataract simulations.

family with an identity link. The intercept of the model, representing no simulated cataract
progression, was estimated at 3.65 (t = 28.08, p < .001). At 5.1 months, the fixation rate
showed a significant increase (¢t = 3.52, p < .001). However, at 10.3 months, the change was
not significant (¢ = 1.14, p = 0.254). At 15.4 months, a significant increase was observed
(t = 2.06, p = 0.039). At 20.6 months, the effect was not significant (¢t = 0.52, p = 0.602), but a
significant increase reappeared at 25.7 months (¢t = 2.58, p = 0.010). At 30.9 months, fixation
rate increased significantly (¢ = 3.86, p < .001), with the strongest observed effect at 36.0
months (¢ = 5.05, p < .001). These results suggest that fixation rate is influenced by cataract
progression, with significant increases at several time points, particularly in later stages, see
Figure 3.23.

Table 3.3: Results of the GLMM analysis for the time per trial, fixation rate and mean fixation duration
under different central-field loss conditions. We used the inverse gaussian family and identity link for
the time per trial and mean fixation duration. For the fixation rate, we used an inverse Gamma family
with an identity link.

Time Per Trial Mean Fix. Duration Fix. Rate

Progression (month) Est. t P Est. t P Est. t P

0 (intercept) 441 10.54 < 0.001 0.15 18.63<0.001  3.65 28.08< 0.001
5.1 1.46 0.143 1.25 0.265 3.52< 0.001
10.3 2.29 0.022 1.16 0.450 1.14  0.254
154 1.98  0.048 1.40 0.140 2.06 0.039
20.6 5.08 < 0.001 211 0.135 0.52 0.602
25.7 2.62 0.009 2.15 0.132 2.58 0.010
309 4.34 < 0.001 2.20 0.128 3.86 < 0.001
36.0 6.00 < 0.001 1.28 0.201 5.05 < 0.001

R2=0.72, R%, =050 R2=0.11,R2, =0.02 R2=0.59, R2, = 0.30
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Figure 3.24: Saccade amplitude for each of the different cataract simulations.

Saccade Amplitude

Our model for saccade amplitude as a function of cataract progression exhibits substantial
explanatory power, with a conditional R? = 0.99 and a marginal R? = 0.70, using an inverse
Gamma family with an identity link. The intercept of the model, representing no simulated
cataract progression, was estimated at 27.51 (¢ = 19.58, p < .001). At 5.1 months, a significant
decrease in saccade amplitude was observed (¢t = —3.17, p = 0.002). No significant change was
found at 10.3 months (¢t = —1.53, p = 0.125) or 15.4 months (t = —1.54, p = 0.123). However,
at 20.6 months, a significant reduction in saccade amplitude was observed (t = —2.70, p =
0.007), followed by another significant decrease at 25.7 months (t = —2.08, p = 0.037). The
most pronounced effects were found at 30.9 months (t = —3.90, p < .001) and 36.0 months
(t = —5.36, p < .001), indicating a progressive decline in saccade amplitude as cataract
severity increased.

Saccade Frequency

Our model for saccade frequency as a function of cataract progression exhibits moderate
explanatory power, with a conditional R? = 0.40 and a marginal R? = (.13, using an inverse
Gamma family with an identity link. The intercept of the model, representing no simulated
cataract progression, was estimated at 2.87 (t = 28.33, p < .001). At 5.1 months, no significant
change in saccade frequency was observed (¢t = 0.06, p = 0.956). Similarly, at 10.3 months,
the effect remained non-significant (t = —1.54, p = 0.124). At 15.4 months, a significant
decrease was found (t = —3.08, p = 0.002). No significant changes were found at 20.6 months
(t = —1.33,p = 0.183) or 25.7 months (t = —1.39, p = 0.166). However, at 30.9 months, saccade
frequency significantly decreased (t = —2.90, p = 0.004), with a further reduction observed at
36.0 months (t = —2.34, p = 0.019). These results indicate that while early stages of cataract
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Figure 3.25: Saccade frequency for each of the different cataract simulations.

progression do not significantly impact saccade frequency, later stages are associated with a
notable decline.

Table 3.4: GLMM results for saccade amplitude and saccade frequency under different cataract
progression conditions.

Sac. Amplitude Sac. Frequency

Progression (months) Est. t P Est. t P

0 (Intercept) 27.51 19.58 < 0.001 2.87  28.33< 0.001
5.1 -3.17  0.002 0.06 0.956
10.3 —1.53 0.125 —1.54 0.124
154 —1.54 0.123 —-3.08 0.002
20.6 —2.70 0.007 —1.33 0.183
25.7 —-2.08 0.037 —-1.39 0.166
309 -3.90 < 0.001 —2.90 0.004
36.0 —5.36 < 0.001 —2.34 0.019

R2 =099, R2 =0.70 R?=0.40, R%, = 0.13

Pupil Size

Our model for pupil size as a function of cataract progression exhibits moderate explanatory
power, with a conditional R? = 0.40 and a marginal R? = 0.13, using an inverse Gaussian
family with an identity link. The intercept of the model, representing no simulated cataract
progression, was estimated at 4.66 (t = 23.50, p < .001). A significant decrease in pupil size
was observed at 5.1 months (¢ = —12.40, p < .001), indicating an early effect of cataract
progression. This decrease continued at 10.3 months (¢t = —14.79, p < .001) and became
more pronounced at 15.4 months (¢ = —23.48, p < .001). At 20.6 months, pupil size further
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Figure 3.26: Pupil size for each of the different cataract simulations.

decreased significantly (t = —25.12, p < .001), followed by additional reductions at 25.7
months (¢t = —34.14, p < .001), 30.9 months (t = —37.71, p < .001), and 36.0 months (t =
—42.47, p < .001). These results indicate a consistent and substantial reduction in pupil size
as cataract severity increases.

Index of Pupillary Activity (IPA)

Our model for the Index of Pupillary Activity (IPA) as a function of cataract progression
exhibits strong explanatory power, with a conditional R? = 0.96 and a marginal R? = 0.54,
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Figure 3.27: Index of Pupillary Activity for each of the different cataract simulations.
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using an inverse Gamma family with an identity link. The intercept of the model, representing
no simulated cataract progression, was estimated at 0.65 (¢ = 21.06, p < .001). No significant
change in IPA was observed at 5.1 months (t = —0.62, p = 0.536) or 10.3 months (t = —0.92,
p = 0.358). At 15.4 months, the decrease in IPA approached significance (t = —1.67, p = 0.094).
A significant reduction was observed at 20.6 months (¢ = —1.84, p = 0.049) and at 25.7 months
(t = —2.11, p = 0.035). The most pronounced decreases were found at 30.9 months (t = —2.92,
p = 0.004) and 36.0 months ({ = —3.41, p < .001), indicating a progressive decline in IPA
as cataract severity increased. These results suggest that pupillary activity is increasingly
affected in later stages of cataract progression.

Table 3.5: GLMM results for pupil size and the index of pupillary activity (IPA) under different cataract
progression conditions.

Pupil Size IPA

Progression (months) Est. t P Est. t P

0 (Intercept) 4.66 23.50 < 0.001 0.65  21.06 < 0.001
5.1 —12.40 < 0.001 —0.62 0.536
10.3 —14.79 < 0.001 —0.92 0.358
154 —23.48 < 0.001 —1.67 0.094
20.6 —25.12 < 0.001 —1.84 0.049
25.7 —34.14 < 0.001 —2.11 0.035
309 —37.71 < 0.001 —2.92  0.004
36.0 —42.47 < 0.001 —-3.41 < 0.001

R% =040, R2, =0.13 R2? =0.96, R2, = 0.54
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Chapter Summary

3.4 Chapter Summary

In this chapter, we investigated gaze behaviors associated with visual impairments through
VR simulations to support preventive healthcare approaches. Timely detection of visual
impairments is crucial, as early intervention can improve outcomes. Our analysis particularly
focused on cataracts, glaucoma, and AMD, each characterized by distinct visual deficits and
progression patterns.

Firstly, we explored cataracts using realistic VR simulations validated through iterative inter-
views. Participants often remained unaware of mild cataract progression, though objectively
measurable changes in gaze patterns emerged at moderate-to-severe levels. We observed
notable increases in fixation rate and prolonged visual search times with advanced cataracts.
These findings emphasize gaze characteristics as potential early diagnostic indicators, which
can enhance preventive healthcare by facilitating earlier recognition and management of
cataracts.

Secondly, we examined glaucoma by creating refined simulations based on patient-reported
visual experiences, significantly improving upon traditional visualizations. Our user study re-
vealed clear gaze pattern alterations, specifically reduced saccadic amplitudes and increased
fixation frequencies, corresponding closely with peripheral vision loss severity. These dis-
tinctive eye movement adaptations underscore the potential of gaze analysis for the early
detection and monitoring of glaucoma, allowing preventive strategies to intervene before
substantial vision loss occurs.

Lastly, our investigation into AMD centered around enhanced simulations of CFL, informed
by structured patient interviews. Our refined AMD visualization demonstrated precise correla-
tions between gaze instability, altered saccadic patterns, and varying degrees of central vision
impairment. Task performance analysis indicated increased search times and heightened
fixation rates in moderate-to-advanced AMD severities. Importantly, our realistic simula-
tions revealed gaze patterns closely aligned with actual patient experiences, significantly
advancing preventive healthcare potential through accurate early-stage detection and ongoing
monitoring.

We specifically addressed our research question RQ1, demonstrating that realistic VR sim-
ulations effectively facilitate early-stage detection via gaze pattern analysis. The findings
from our studies further identified specific gaze characteristics indicative of different impair-
ment severities and types. Furthermore, we confirmed that gaze indicators become reliably
detectable at impairment severities where participants themselves remain largely unaware.

The combined findings from these studies provide compelling evidence that detailed gaze
analysis through realistic VR simulations offers critical diagnostic insights into visual impair-
ments at their early stages. By enhancing simulation accuracy and rigorously quantifying
gaze patterns, we enable proactive identification and management strategies. This proactive
approach aligns closely with preventive healthcare goals, ultimately aiming to reduce the
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individual and societal impacts of age-related visual impairments and improve overall quality
of life.
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Eye tracking holds considerable promise for preventive healthcare, offering a non-invasive
and behaviorally grounded means to detect early signs of cognitive and perceptual decline.
With the integration of eye-tracking into real-time applications comes the opportunity to
continuously monitor the presence of visual impairments through gaze. However, the ef-
fectiveness of such systems hinges on the quality and continuity of the gaze data they rely
upon. This is especially important in systems designed to detect subtle gaze cues for early
intervention, where even small disruptions in data can compromise diagnostic sensitivity
and reliability.

Machine learning models, particularly recurrent architectures like long short-term memory
(LSTM) networks, have emerged as a powerful tool for interpreting sequential gaze data in
these systems. These models rely on temporal coherence to identify patterns that may signify
user intent, cognitive state, or visual impairments. However, their effectiveness is highly
sensitive to missing or noisy data, which can degrade performance and introduce biases [82].
When gaze input is incomplete, models may fail to generalize to new users or tasks, reducing
both fairness and robustness.

Blinks are an inevitable part of the human visual system—short, involuntary closures of the
eyelids that maintain ocular health and protect the eye from environmental stressors [65].
While biologically necessary, these momentary interruptions pose a unique challenge in
the context of eye-tracking-based interactive systems. In recent years, eye tracking has
become a powerful and widely used tool in human-computer interaction (HCI), enabling
systems to interpret user attention, intention, and cognitive state in increasingly nuanced and
context-aware ways [83]. As eye tracking is increasingly integrated into real-time applications,
from adaptive interfaces to attention-aware systems, the need for continuous and reliable
gaze input becomes more critical. However, the robustness and reliability of these systems
fundamentally depend on the integrity of the input data stream. When a blink occurs, the
gaze signal is interrupted—sometimes briefly, sometimes for extended durations—leading to
gaps, artifacts, and discontinuities that can propagate through downstream processes [81].

These disruptions are particularly problematic for intelligent systems that operate on tem-
poral data streams and require coherent sequential input to learn from or respond to user
behavior. In particular, recurrent neural networks (RNNs), and more recently long short-term
memory (LSTM) architectures, have emerged as promising tools for modeling gaze behavior
and predicting user state. However, these models rely heavily on temporal consistency and
are highly sensitive to missing or noisy data [82]. Gaps in the signal—whether caused by blinks,
signal loss, or hardware limitations—can introduce significant noise into model training and
inference. Such missing data may lead to performance degradation, increased error rates,
or overfitting, especially when systems attempt to generalize to unseen tasks or users [82].
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Despite this, the field lacks a unified and empirically grounded strategy for handling blink-
induced data loss. Existing approaches vary widely: some researchers remove all affected
segments, while others attempt to interpolate, impute, or otherwise reconstruct missing
samples. These decisions are often made ad hoc, depending on task-specific constraints or
device limitations. As a result, current practices exhibit a high degree of methodological
inconsistency, which undermines both reproducibility and comparability across studies [83].

Beyond the challenge of missing samples, blinks also introduce subtle physiological artifacts
that extend beyond the actual duration of eyelid closure. Eyelid motion before and after the
blink can distort gaze signals due to partial occlusion and muscular interference, affecting as
much as 70 milliseconds before and 118 milliseconds after a blink [83]. These blink-adjacent
artifacts are rarely accounted for in existing systems, despite their potential to skew results
and introduce noise even in apparently valid samples. Consequently, systems that fail to
handle both the absence and the distortion of gaze data risk producing unreliable outputs,
especially in high-stakes applications such as driver monitoring or medical diagnostics. A
growing body of work highlights the importance of addressing not only the missing data
itself but also the surrounding signal, in order to build robust and fair gaze-based systems.

In this Chapter, we investigate the consequences of blink-related data interruptions for the
design of interactive systems and gaze-based prediction models. We begin by reviewing how
prior research has handled blink-induced data loss and examine the diversity and limitations
of existing approaches. We then explore the magnitude of the problem across multiple open
datasets and evaluate the impact of different interpolation and artifact removal techniques.
In doing so, we aim to quantify the influence of pre-processing strategies on the performance
of gaze-based models. Through these investigations, we propose a standard pipeline for blink-
aware preprocessing of eye-tracking data and offer design recommendations for building
more robust, transparent, and replicable gaze-driven systems!.

We address the following research questions with our investigation:

RQ 2: How should we deal with gaps in eye-tracking data for machine learning models?

'The following sections are copied with minor changes from the publications: subsection 4.1.1 until subsec-
tion 4.1.2, subsection 4.2.1 until subsection 4.2.5, and subsection 4.3.1 until subsection 4.3.2
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4.1 Identifying the Challenge of Blinks

Blinks introduce missing data and artifacts in eye-tracking streams, posing significant chal-
lenges for interactive systems. In this section, we highlight how prior work has addressed
blinks and demonstrate that existing strategies—such as data removal or interpolation—are of-
ten inconsistent, limiting reproducibility and potentially impairing system performance [81].

4.1.1 Initial Literature Search

We identified several ways of blink detection methods applied in related work, which we
found through our search. While for the SMI and EyeLink trackers, there are exciting parsers
available, most of the identified literature simply reports on the missing data being the
detector for an indication of a blink. For example, Li et al. [149] reported on missing data
using the EyeLink and others [27, 119, 128] report on missing data from SMI eye tracker. As
such, we identified that the blink detection methods do not leverage the available parsers,
and improving this has the potential for a positive impact on research quality.

Although various solutions for detecting blinks and handling missing data have been proposed,
there are no readily available solutions integrated into the current eye-tracking pipeline. Since
eye-tracking data is a time-series, traditional imputation methods, such as replacing missing
data with the mean or median, are not appropriate for handling missing data caused by
blinks. Therefore, the majority of previous studies identified with our search have resorted
to removing the data containing blinks. Nevertheless, alternative methods for handling
missing data caused by blinks have been explored in the literature, such as interpolation
and imputation. Despite being less commonly used, these approaches have the advantage of
preserving the applicability of eye-tracking data in interactive systems.

Remove

Most of the identified literature on blink detection and handling involves removing the data
that contains blinks. However, some studies have proposed criteria for retaining the blinks
in the data. For instance, Ishii et al. [108] and Nakano and Ishii [174] remove data when blinks
last longer than 200 milliseconds, while they merge data before and after the blink if it is
shorter than 200 milliseconds. Similarly, Bixler and D’Mello [28] allow for up to 20% of the
data points to be missing during a specific time period, whereas Gwizdka [90] excludes trials
where gaps in data are longer than 1 second.

Interpolate

Interpolation is a frequently employed technique for replacing the gaps in the data intro-
duced by blinks, as reported in the identified literature. The work utilized various forms of
interpolation, such as linear, polynomial, spline, and cubic spline. For instance, Kinnunen
et al. [121] applied linear interpolation by assuming the continuity of the data for the parts
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with missing data and independently applying interpolation to all coordinate time series.
Another example is Wang et al. [269], where the authors set missing data when the pupil size
was outside a range and then applied spline interpolation to correct the missing values.

Linear Interpolation

Linear interpolation is, of the identified literature, the most commonly used method to deal
with missing data in eye-tracking studies after removing the data. This technique assumes
that the underlying signal is a linear function and fills in the missing data by connecting the
available data points with straight lines. While linear interpolation is a simple and efficient
method, it can produce artifacts in the interpolated data and can introduce errors in the
analysis of the eye-tracking data.

An example of the use of the linear interpolation method is in Bafna et al. [15]. In this work,
the authors removed 200 ms before and after a blink using the Tobii 4C Eye Tracker? during a
typing task. Another example of this is Saluja et al. [216], here the authors also used linear
interpolation. However, this was during a reading task and without removing additional data

before and after the blink.

Spline Interpolation

Spline interpolation is another method we have seen in the identified literature more than
once. Unlike linear interpolation, which assumes a constant rate of change between data
points, spline interpolation uses piecewise polynomials to interpolate data, resulting in a
smoother fit. Cubic spline interpolation is a specific type of spline interpolation that uses
cubic polynomials to interpolate between data points. Spline interpolation has been used in
eye-tracking studies to fill in missing data due to blinks, head movements, or other sources
of noise.

For example, Wang et al. [269] used spline interpolation to correct for missing data when the
pupil samples were outside of a pre-determined range during a driving simulator experiment.
For cubic spline interpolation, we identified Morales et al. [170]. Here the authors used the
EyeLink and its online parser software to identify blinks, after which they applied cubic
splines to remove blink data.

Polynomial Interpolation

Polynomial interpolation is another method that can be used for infilling missing values in
eye-tracking data. In this method, a polynomial function is used to fit the known data points,
and the polynomial is then used to estimate the values of the missing data points. An advantage
of polynomial interpolation is that it is easy to implement, and it can be used to estimate
missing data points with a high degree of accuracy. However, polynomial interpolation is
also sensitive to outliers in the data, and it can produce unrealistic estimates if the data

nttps://www.tobii.com/
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contains extreme values or abrupt changes in eye movement patterns. An example of the use
of polynomial interpolation we identified in our search is the work from Keshava et al. [119],
here the authors employ the interpolation method to the eye movements from a VR task.

Other

Finally, we identified a range of alternative methods to deal with missing data caused by
blinks, including imputation, WEKA, aggregating, and winsoring. For instance, Li et al.
[149] employed the unsupervised Expectation-Maximization algorithm to impute missing
values in their eye-tracking data. Likewise, Cole et al. [48] filled in the missing data using
observed session transition probabilities. Despite the various approaches identified, there
is no consensus in the literature on which method is the most appropriate for dealing with
blinks. While most reviewed studies remove the affected data, this often leads to a significant
loss of data.

4.1.2 Results

In this work, we identified several ways past work has employed to identify blinks and algo-
rithms used to infill the missing data and found that these are not consistent throughout the
existing literature. In the following, we will showcase the challenges of the different interpo-
lation methods and the impact having incorrect cut-off times can have on the interpolation.
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Figure 4.1: An example of linear interpolation over a blink during a reading experiment. Here, the black
dots represent fixations, the black line eye movements between the fixations and the red lines represent
the interpolation. In (a), we visualized the interpolation without removing any of the information pre
or post-blink. In (b), we visualize the interpolation with the removal of information pre and post-blink,
however, not enough of the artifacts have been removed. In (c), we visualize the correct removal of
artifacts pre and post-blink. Finally, in (c), we showcase the removal of too much of the data pre and
post-blink.

Linear interpolation Linear interpolation is a simple and commonly used infilling method
for missing data in the identified literature. The method involves drawing a straight line
between pairs of data points that flank a gap and then interpolating data points along the lines
to fill in the missing values. From the identified infilling methods used, linear interpolation
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was the most common one, which we attribute to its simplicity and low computational cost.
However, as we visualize in Figure 4.1, the method assumes that the data points before and
after the gap are linearly related, which is not always the case. Additionally, the method can
produce abrupt changes in velocity or acceleration, as most predominantly visualized in
Figure 4.1a and Figure 4.1b. As such, when using linear interpolation, a best practice would be
to visually inspect each individual blink to see where artifacts of blink behavior are introduced
into the data. Removing these artifacts will allow for the best possible interpolation between
data gaps, as visualized in Figure 4.1c. However, overdoing the cut-off before and after the
artifacts will introduce new noise into the data, as visualized in Figure 4.1d.
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Figure 4.2: An example of spline interpolation over a blink during a reading experiment. Here, the black
dots represent fixations, the black line eye movements between the fixations and the red lines represent
the interpolation. In (a), we visualized the interpolation without removing any of the information pre
or post-blink. In (b), we visualize the interpolation with the removal of information pre and post-blink,
however, not enough of the artifacts have been removed. In (c), we visualize the correct removal of
artifacts pre and post-blink. Finally, in (c), we showcase the removal of too much of the data pre and
post-blink.

Spline interpolation Spline interpolation is a more sophisticated way of interpolating com-
pared to linear interpolation. This method fits a piecewise polynomial function to the data
points where the resulting function is smooth and passes through all data points, including
those with missing data. It allows for considering the velocity and direction of the data points
pre and post-missing data to ensure the curve will not abruptly change velocity or accelera-
tion. While this method is not as popular in the identified literature as linear interpolation,
it could provide a more smooth and more accurate interpolation compared to linear inter-
polation. However, spline interpolation requires more computational resources than linear
interpolation. Still, this interpolation method struggles with the artifacts introduced pre and
post-blink as visualized in Figure 4.2a and Figure 4.2b. When visualizing the exact cut-off
where the artifacts from blinks start in Figure 4.2c, the infill method results in a smooth
curve taking the velocity and acceleration into account before and after the gap. However,
when cutting off too much of the data as visualized in Figure 4.2d, we can see that the infilling
method misses quite a few of the words that would otherwise be in the path of the eye path.
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Figure 4.3: An example of polynomial interpolation over a blink during a reading experiment. Here,
the black dots represent fixations, the black line eye movements between the fixations and the red
lines represent the interpolation. In (a), we visualized the interpolation without removing any of the
information pre or post-blink. In (b), we visualize the interpolation with the removal of information pre
and post-blink, however, not enough of the artifacts have been removed. In (c), we visualize the correct
removal of artifacts pre and post-blink. Finally, in (c), we showcase the removal of too much of the
data pre and post-blink.

Jue duis dolore te feugait nulla facilisi Jue duis dolore te feugait nulla facilisi

Polynomial interpolation Polynomial interpolation is the last method we identified in
multiple papers throughout the identified literature. It fits a single polynomial function to all
the data points, which is different from spline interpolation, which divides all data points into
segments. The resulting function is smoother than linear interpolation but not as smooth
as spline interpolation. Similarly to linear interpolation, it is a simple and computationally
efficient method for dealing with missing data. However, it has limited accuracy in case the
underlying data is highly nonlinear, which results in spurious oscillations near the endpoints
of the interpolated data, as visualized in Figure 4.3a and Figure 4.3b. Despite this, when the
cut-off periods are chosen adequately, it can neatly estimate the missing data, as visualized
in Figure 4.3c. On the other hand, removing too much of the data before and after a blink can
result in an error compared to the original data, see Figure 4.3d.
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4.2 Uncovering and Addressing Blink-Related Challenges

While previous work has acknowledged the challenges posed by blinks in eye-tracking data,
comprehensive evaluations of their impact remain scarce. In this section, we conducted a
systematic literature review and large-scale analysis of public datasets. Our work revealed
significant inconsistencies in how missing data and blink artifacts are handled across studies,
as well as the lack of standardized preprocessing pipelines.

We conducted a structured literature review to identify the wide range of approaches used in
dealing with eye tracking data in interactive systems. In detail, we aim to review the blink
detection methods and algorithms used. For this, we follow the four-phase procedure of the
PRISMA [187] guidelines on reporting systematic reviews. Figure 4.4 visualizes the PRISMA
flowchart.

421 Method

We follow the PRISMA guidelines to review prior work, which is in line with other papers [13,
26, 96] in the HCI domain. The review focuses on three key aspects: the Method used for
handling blinks, the use of blink Detectors, and the Task that users carry out.

Identification

We defined the eligibility criteria, namely, exclusion criteria as shown in Figure 4.4. We
defined the inclusion criteria as papers involving eye tracking data and their handling of
missing data. From the databases, we selected the ACM digital library and IEEE as they
are representative of high-quality and mature research published in the field of interactive
systems and eye tracking. At the same time, we acknowledge that this excludes other venues
interested in eye tracking data (e.g., ARVO, Journal of Vision and Thieme Medical Publishers,
and Journal of Academic Ophthalmology). However, the ACM Digital Library and IEEE Xplore
are major libraries for interactive systems and, thus, best fit the aim of this review. We
conducted our search given our inclusion criteria, selecting papers with terms relevant to
eye tracking and terms that indicate the presence of missing data. Specifically, we used the
following search string:

("eye tracking" OR "gaze tracking" OR "eye movements" OR
"gaze movements")
AND ("missing data" OR "missing value" OR "data gaps")

AND E-Publication Date: (* TO 12/31/2022)

We manually saved all resulting records in a CSV file for screening.
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Figure 4.4: Literature search and inclusion phases and rates using the PRISMA flowchart.

Screening

We excluded all tables of content and posters, papers that do not include a study, and papers
that do a study with non-human subjects as shown in Figure 4.4. For this, the first author
then screened each paper while not using automated tools. The goal of the initial screening
is to keep all papers that could help us understand how current papers deal with missing
data. Thus, we excluded papers based on the exclusion criteria in Figure 4.4. We excluded
1) table of contents (n = 61); 2) posters (n = 1); 3) papers with non-human subjects (n = 1) as
they do not add to our investigation; 4) not original work as they only review or comment
on others’ work but do not process eye tracking data (n = 21); 5) even though eye tracking
was in the keywords, we had to exclude works, which is not eye tracking (n = 95); and 6) we
excluded results that do not entail a user study as no validation was done (n = 37). In this step,
we reduced the number of included papers from 402 to 186.

For the second step, the first two authors then read the remaining 186 papers after the
initial screening. Here, we excluded papers based on two criteria: not relevant (n = 31) to
the inclusion criteria and not an empirical study (n = 15), see Figure 4.4. The two people
who screened the papers again did this independently to minimize potential bias. The inter-
rater reliability was 97% on the exclusion criteria and discrepancies were resolved through
discussions.
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Included Papers

We included the remaining 140 publications in the review®. The first two authors of the paper
this section is published on independently coded each of these papers without the use of
automated tools.

Without specifying a codebook beforehand, the two authors each coded the Method used for
handling blinks, the possible use of blink Detectors, and the Task the users carried out. As we
did not establish a codebook beforehand, we did not expect high inter-rater reliability on
the open-ended text. Despite this, we had an inter-rater reliability of 79.5% for coding the
Detectors, 53.4% for the Method, and 13.7% for the Task. As before, we resolved all discrepancies
in discussions, resulting in the final codes reported in Table 4.1, Table 4.2 and Appendix A.

Selected Papers

Table 4.1 and Table 4.2 give an overview of how the 140 papers dealt with missing data. The
earliest paper in our selected papers is from 1993. We note that 60 papers reported insufficient
information on how they handled missing data, see Table 4.1; thus, we cannot include them in
further analyses. However, they provide evidence for the need for better reporting guidelines.
We showcase a subset of 81 papers in Appendix A to highlight the work that deals with missing
data.

Papers with Insufficient Information An overwhelming majority of the papers (44/140) did
not report how they dealt with missing data from their experiments or they acknowledged
the existence of missing data but did not elaborate on how they handled the missing data,
see Table 4.1. Some of these papers mention the removal of participants who are missing
over a certain amount of data (e.g., [69, 138, 155, 181]) or trials where missing data reached a
threshold (e.g., [58, 126]). However, they did not elaborate on what they did with trials and
participants who had missing data but were not excluded in the analysis, i.e., how they dealt
with remaining missing data was not described. Moreover, we identified 15 papers that did
not handle missing data while acknowledging the issue around missing data. Finally, one
paper did remove blinks but gave no information on the criteria for removal or how they
were removed.

Papers with Helpful Information Sixty papers had insufficient information to be fully
included in this review. In the following, we will categorize the remaining 81 papers on how
they dealt with missing data.

Although all reviewed work comes from either the ACM digital library or IEEE Xplore, the
work reviewed was published in several venues. From the work reported in Appendix A and
reports on dealing with blinks, the most predominant venue was the ACM Symposium on Eye
Tracking Research and Applications (ETRA), with 12 papers. Beyond that there were venues

*These 140 papers are marked with a « in the references of this thesis.
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Table 4.1: Different methods for handling missing data, these papers have insufficient information to
be included in the detailed review.

Method Count Publications

Nothing reported 44 [5,11,17, 27, 40, 44, 46, 53, 69, 77, 99, 111, 112,
124, 125, 135, 140, 154, 155, 169, 176, 181, 188,
191, 192, 193, 195, 199, 203, 220, 221, 227, 235,
249, 251, 256, 257, 266, 267, 271, 276, 281, 293]

No handling of missing data 15 [50, 60, 61, 66, 94, 104, 109, 138, 142, 153, 189,
218, 228, 285, 286]
Removing blinks, not defining them 1 [126]

like ICMI (6), IEEE EMBC (4), CHI (3), IEEE Access (3), and several others. Regarding eye
tracking systems, the most popular brand is the Tobii brand, where 36 papers in the reviewed
work used one of the Tobii eye trackers for their research; out of these, the Tobii 1750 (4) is
the most popular. After Tobii, the SMI brand is also well-represented with 15 papers. Here
the SMI RED250 is the most common (4). Studies that have used a mobile eye tracker also
seem to favor the EyeTribe (6) and the Tobii Pro Glasses 2 (5).

The tasks we identified in the reviewed work are even more diverse than the selection of
eye trackers. The most common task is visual search (15) and driving simulators (15), closely
followed by free viewing (14), video watching (9), reading (8), and input method (4). Here,
using eye tracking as an input method is interesting as it is the only task (n > 1) where all
reviewed work used an interpolation method to deal with the missing data from the eye
tracker.

Table 4.2: Different methods for handling missing data, these papers have sufficient information to be
included in the detailed review.

Method Count Publications

Removed missing data 16 [1, 9,10, 25, 31, 35, 58, 88, 114, 120, 130, 173, 186, 212,
265, 291]

Interpolation - linear 19 [2, 3, 14, 15, 24, 31, 102, 106, 110, 121, 127, 128, 179,
180, 212, 216, 246, 263, 288]

Interpolation - polynomial 2 [119, 252]

Interpolation - bilinear 1 [150]

Interpolation - spline 3 [31, 269, 290]

Interpolation - cubic spline 4 [95, 170, 201, 231]

Interpolation - Other 14 [9, 55, 73, 78, 97, 151, 159, 200, 230, 254, 282, 287,
289, 292]

Imputation 7 (48, 149, 162, 164, 165, 247, 283]

WEKA 2 [103, 204]

Aggregating 4 [108, 152, 174, 211]

Winsoring 1 [28]

Reconstructing 1 [182]

Averaging 2 [90, 115]

Extrapolate 2 [29, 242]

Other 6 [49, 64, 196, 238, 272, 284]
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4.2.2 Findings on Detecting Blinks

Most (73/81) of the reviewed literature reports that they classified missing data as a blink.
For the Tobii eye trackers without a blink detector, authors often classified blinks as points
where the pupil size is outside a pre-determined range or when the tracker loses the pupil
temporarily, e.g., [61, 88, 269]. Other papers (3/81) mention excluding data before and after
the missing data. For example, Bafna et al. [15] specifies blinks as missing data 75-500 ms long
and, additionally, they remove a further 200 ms before and after the missing data to combat
the artifacts before and after the blink. Appel et al. [9] removed data up to 100 ms before and
after a blink to counter artifacts, and Appel et al. [8] removed parts from the pupil signal that
“had an unreasonably large slope right before and after a sequence of missing data” [8].

EyeLink provides users with a built-in parser' and SMI provides the BeGaze parser?. Thus,
both have their own integrated parsers for blinks; however, not all studies we found during
our literature review using those eye trackers report on using the respective parser. More
specifically, out of the surveyed papers, over half of the work using an EyeLink (e.g., [149, 192])
and using an SMI (e.g., [8, 9, 27, 40, 119, 128, 164]) did not report on using the built-in parsers
or any other parser. However, they report the missing data, which they handled with use-case
specificity. As such, we identified that the methods used for blink detection are inconsistent in the
current literature and improving this has a potential positive impact on research replicability and
quality.

4.2.3 Findings on Dealing With Blinks

As discussed in subsection 4.2.2, there are integrated solutions for detecting blinks (e.g.,
EyeLink parser! and BeGaze parser?). However, there are no out-of-the-box solutions inte-
grated into the current eye trackers that handle blinks once they are identified. Traditionally,
researchers dealing with missing data have so far proposed a set of methods, such as replac-
ing by mean/median [215] and last observed carried forward [226]. However, this does not
work for time-series data due to the underlying speed and possible acceleration of the eye
movement. As such, the most common method identified in our literature review applies
linear interpolation (19/81) closely followed by removing the data containing missing data
(16/81), see Appendix A. However, our review revealed numerous use-case-specific methods
for handling missing data. Here, the most common method was interpolation (43) of various
forms and imputation (7), followed by a wide range of adapted approaches. While these
methods are less prevalent and more widespread in the reviewed literature, they have the
advantage of retaining the data to be used in interactive systems.

Interpolation Interpolation is the most popular option in our review as 43/81 papers em-
ployed a form of interpolation to replace the gaps in the data. In the reviewed work, we
identified different kinds of interpolation, including linear (19), polynomial (2), bilinear (1),
spline (3), cubic spline (4), and others (14). For example, Kinnunen et al. [121] assumed the
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continuity of the data and, thus, applied linear 1-D interpolation independently for both axes.
In Wang et al. [269], the authors removed data when the pupil size was outside a pre-defined
range, after which they applied spline interpolation to infill the missing values. As there is
no consensus on how to interpolate eye tracking data, the effects of such methods also need
to be more adequately understood. This can lead to inaccurate or even wrong interactions in
interactive systems with low reproducibility chances.

Remove Blinks Removing the data that contain blinks is the second most popular among
the reviewed work (16/81). However, some papers reported elaborate criteria to be met to
retain parts or all of the data affected by a blink. For example, Ishii et al. [108] and Nakano
and Ishii [174] did not analyze samples with blinks longer than 200 ms; however, if the blink
was shorter, then they cut out the missing values. Others allowed for 20% missing data during
a trial [28, 203] or they retained trials where the missing data was less than 1 s [90]. While it is
clear that removing all missing data helps the overall performance, this approach is not useful for
interactive systems.

Uncommon Methods Lastly, we identified a series of other methods using a variety of tools
and methods, e.g., imputation (7), WEKA (2), aggregating (4), and winsoring (1). To impute
missing values, Li et al. [149] used an unsupervised Expectation-Maximization algorithm on
their data, and Cole et al. [48] used the observed session transition probabilities to fill in the
missing data. We could not identify which specific method is most suitable for dealing with
blinks based on the reviewed literature. A large portion of the reviewed work (16) removes
missing data where this exists, additionally to the work the removes whole participants or
trials. This results in significant data loss; therefore, other ways of dealing with the missing data
could be more appropriate.

4.2.4 Evaluating the Fitness of Approaches

Although our literature review uncovered trends that researchers use more often, there is
no overall consensus for the “best” approach. Additionally, we did not find any evaluations
comparing the many approaches to establish guidelines for future interactive systems. Thus,
in the following, we compare the different identified approaches. First, we collect a wide range
of open-source eye tracking datasets, see Table 4.3. Second, we showcase the implications
of the most common approaches to detecting and dealing with blinks. After that we use the
acquired data to run the previously identified infilling methods (see Table 4.2) and evaluate
against each other.

Datasets

To motivate the importance of our work and evaluate our identified infilling methods, we
acquired 11 different open-source eye tracking datasets. All datasets retrieved are part of
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Table 4.3: Overview of the used datasets, listed from the oldest to the newest (and alphabetically for
authors from the same year)

Eye Tracker Screen
Author(s) Venue Company Device Freq.[Hz] Inch AspectRatio

So01 Foster et al. [72] Psychol Sci. EyeLink 1000 Plus 1000 17 16 : 9
S02  Marzecova et al. [161] Biolo. Psychol EyeLink 1000 500 19 4:3
S03 Krstié et al. [134] EJPE SMI RED-m 60 15.6 16 : 9
S04  Marzecova et al. [160] Scientific Rep. EyeLink 1000 500 19 4:3
S05 Schuetz et al. [223] ACM CHI EyeLink 1000 Plus 1000 113 8:5
S06 Annerer-Walcher et al. [7] Cogn. Sci. SMI RED250 250 24 16: 9
S07 Fellberg and Dombrowe [68] Vision Res. EyeLink 1000 Plus 1000 27 16:9
S08 Hollenstein et al. [100] LREC EyeLink 1000 Plus 1000 27 16 : 9
VROl  Stein et al. [242] IEEE VR Tobii Pro 90 3.5 9:10

VR02  Steil et al. [239] ACM ETRA Pupil Labs  Add-on 30 5.7 8:9
MO01  Steil et al. [240] ACM ETRA Pupil Labs  Pro 30

published and peer-reviewed work from various venues. An overview of the acquired datasets
is provided in Table 4.3. We acquired all 11 datasets independently of the literature review.
They are all available online via https://osf.io/ and https://github.com/. For di-
rectlinks, see https://eyetrackingguidelines.github.io/ where we provide links
to the datasets on our Eye Tracking Guidelines page, allowing us to extend the list with future
published datasets.

Pre-Processing

We first processed the datasets so that they all had the same format, which enabled us to
work with the data more easily. If needed, we used the parsers for the EyeLink! and SMI? data
to create the initial tabular files. To format all data equally, we turned all x and y screen gaze
coordinates into degrees of visual angle, allowing us to compare them independently from
the specific apparatus used (e.g., distance to the screen and screen size). We included only
data from the left eye whenever binocular eye tracking data was available. We sampled all
time in milliseconds (ms); if there were gaps in timestamps that were bigger than one second
(e.g., those created through pausing an experiment), then we split the data into different
parts to ensure we do not associate pre- and post-gap data. Where there was missing data (i.e.,
zero or Not a Number), we consider the data as part of a blink. However, we did not consider
the missing data of only one sample (e.g., 1 ms for 1000 Hz and 33.3 ms for 30 Hz) as part of
a blink as prior work reported blinks to last about one-third of a second [65]. Thus, we did
not analyze such short occurrences®*. With our pre-processing, we aim to reduce external
factors not caused by a human eye blink (e.g., breaks in the experiment, looking away from
the tracker). Hence, we argue that blinks primarily cause the remaining gaps.
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Figure 4.5: Experimental setup used for the verification of data gaps.

Blink Verification

By comparing a high-speed RGB video stream of the eye to recorded eye tracking data, we
can ensure that blinks indeed cause the gaps. To maintain high ecological validity, we first
searched for publicly available datasets of paired data containing blinks. However, none
of the datasets of eyes contain blinks. Thus, the data required for such a comparison are
not publicly available. Thus, we decided to conduct an experiment to capture the real eye
movement and the eye tracker data simultaneously.

In this experiment, we used an EyeLink 1000 plus from SR Research to capture the eye tracking
data at 1000 Hz and a Motorola 30 Ultra to capture the RGB video stream from the blinks at 240
fps as shown in Figure 4.5. After a nine-point calibration and validation, we presented a dot
on the center of a ViewPixx (22.5 inch, 1920 x 1200, 120 Hz) monitor and asked the participant
to blink one time once this dot turned green. We had one participant perform 10 trials. The
data from this experiment was used to verify that the missing data and the preceding and
following artifacts follow a similar trajectory as real blinks>.

4.2.5 Results

In this section, we first report on the statistics from the surveyed datasets, see Table 4.3.
Namely, we investigate the blink frequency, duration of missing data, and inter-blink interval®.
Second, we report on the effective data loss that occurs through the common rolling window

*We acknowledge that this could include data missing for other reasons; however, due to the vast amount of
data considered in the analysis this would only amplify our findings.

*We acknowledge that these are all voluntary blinks and that there are differences between voluntary and
involuntary blinks, e.g., duration [101].

®In the following, we will assume all gaps in the data, i.e., missing data, as to be part of a blink.
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approach and the fact that windows containing missing data cannot be processed (i.e., zero
or Not a Number). Third, we investigate the behavior before and after a gap to understand
the impact of the eye closing and opening. Finally, we investigate the impact of the five most
common infilling methods found in the literature review, see Table 4.2.

Analysis

In this work, we adopt a Bayesian approach for data analysis, specifically employing Bayesian
linear mixed models (BLMM). This approach has gained recent prominence [116, 145, 219] and
offers several advantages over classical statistics. One of the advantages, as discussed by Kay et
al. [117], is the incorporation of prior knowledge from eye tracking data. Additionally, Bayesian
statistics facilitate effect estimation in small sample sizes and allow readers to evaluate effect
sizes, including those close to zero, rather than solely determining the presence or absence
of effects. Consequently, we utilize Bayesian parameter estimation to estimate effect sizes
and quantify uncertainty surrounding these estimates by leveraging the information in our
data and the applied priors. For all our models, we use the package brms to compute 10
Hamilton-Monte-Carlo chains with 20,000 iterations each and 10% warm-up samples. All
Rubin-Gelman [74] statistics were well below 1.1 for effective sample size.

Table 4.4: Bayesian statistics results of the priors for blink frequency (contrasted against the whole
dataset)

Type Freq. D Med. HDlgs5,
Mobile 30 <.001 1.549 [0.457,2.980]
60 <.001 1.334 [0.356,2.689]
Stationary 250 <.001 1.282 [0.354,2.521]
500 <.001 1.139 [0.294,2.342]
1000 <.001 2.509 [1.491,3.344]
VR 30 <.001 1.472 [0.427,2.848]
90 <.001 1.358 [0.354,2.726]

We explored the effect of different weakly informative priors on the data. None affected
statistical inference. As a result, priors were chosen to resemble only weakly informative
priors when standardizing with a prior on the Gamma distribution of the data of (o« = 5,5 =
3) without allowing negative numbers (y > 0). Additionally, we accounted for potential
variability across datasets by incorporating a random factor on the shape parameter. This
approach acknowledges that different datasets may exhibit varying characteristics and allows
for more nuanced modeling. By explicitly modeling the dataset-specific effects, we capture
the heterogeneity and better account for the underlying structure of the data.

Effects were considered meaningful when there was a particularly low probability (p, <=
2.5%) of the effect being zero or the opposite. We calculated p, through the relative proportion
of posterior samples being zero or opposite to the median. This metric has similar properties
to the classical p-value and is an accepted substitution cf. [122, 147, 219]. Still, it quantifies the
proportion of probability that the effect is zero or the opposite, given the data observed. Note
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that this is the reverse of the classical approach to inferential statistics, where one measures
data probability given the test statistic’s null hypothesis. In addition to the median of the
parameter, we calculated the High-Density Interval (HDI) at 95% of the posterior distribution
for all parameters, which indicates the possible range of effects given the data alongside the
median of the respective parameter. Simple mean comparisons were made on standardized
outcome variables. Therefore, all b represent an effect size in standard deviations from the
mean (corresponding to Cohen’s d for simple effects of categorical predictors with two levels).
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Figure 4.6: We visualized the inter-blink interval for the different types of eye trackers gathered in the
dataset, i.e., mobile, VR, and stationary, and their respective frequencies. In the datasets we analyzed,
we see that participants have no inter-blink interval while participants from the 30 Hz mobile datasets
have the inter-blink interval. Error bars indicate standard errors.

Blink Frequency & Inter-Blink Interval

In Figure 4.7, we present the results of the blink frequency in blinks per minute across the
different eye tracker frequencies and eye tracking modalities, i.e., stationary, mobile, or VR.
Eye trackers with a low frequency had a generally higher blink frequency; here, the 30 Hz
eye tracker had a mean of 49.3 blinks per minute (SD = 30.5) while the mean of the others

Table 4.5: Bayesian statistics results of the priors for inter-blink interval (contrasted against the whole
dataset)

Type Freq. Db Med. HDlIgsy,

Mobile 30 <.001 1.476 ]0.341,2.843
60 <.001 2.046 [0.569,4.015
250 <.001 2.816 [0.830,4.821

Stationary

[ ]
o
500 <.001 1.392 [0.316,2.803]
[ ]
[ ]
[ ]

1000 <.001 3.5397 |1.078,5.658
VR 30 <.001 1.385 |0.402,2.828
90 <.001 1.497 ]0.469,2.973
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Table 4.6: Bayesian statistics results of the priors for closed-eye time (contrasted against the whole
dataset)

Type Freq. Db Med. HDlIgy59
Mobile 30 <.001 1.388 [0.390,2.785]
60 <.001 1.714 [0.503,3.029]
Stationary 250  <.001 3.693 [1.873,5.323]
500 <.001 1.433 [0.408,3.032]
1000 .018 1.734 [0.164,3.216]
VR 30 <.001 1.397 [0.373,2.730]
90 <.001 1.520 [0.442,2.822]

is 25.9 blinks per minute (SD = 37.8). These results verify the findings that a lot of factors
influence blink frequency, as is well established in the literature cf. subsection 2.4.1. We
visualize the inter-blink interval in milliseconds for the different frequencies and types of
eye trackers in Figure 4.6. Next, we investigate how the different types and frequency as
fixed effect affects blink frequency in a mixed effects model with the previously described
intercepts and priors in section 4.2.5. We found that all combinations of eye tracker TYPE
and eye tracker FREQUENCY had a distinguishable effect on the blink frequency, see Table 4.4.
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Figure 4.7: We visualized the blink frequencies for the different types of eye trackers gathered in the
dataset, i.e., mobile, VR, and stationary, and their respective frequencies. In the datasets we analyzed,
we see that participants from the 30 Hz mobile dataset have a high blink frequency and participants
from the 500 Hz stationary datasets have the lowest blink frequency. Error bars indicate standard
errors.

Impact of Eyelid on Eye Tracking Quality

As illustrated in Figure 4.8, the eyelid’s movement can influence the eye tracking quality even
before the tracker reaches the state that the eye tracker cannot recognize the pupil anymore.
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Figure 4.8: Raw eye movement speed before and after a blink with a gap of 90 ms where the eye
tracker cannot obtain data. Highlighted in yellow are the areas before and after a blink that contain
artifacts introduced by eyelid movements.

In this process, the eyelid might cover the pupil partly, but the eye tracker still assumes a
circular pupil shape in its tracking algorithm. Thus, we investigate the potential impacts of
the eyelid before and after a blink on the tracking quality. Uncovering such an influence will
allow us to derive cut-off timings before and after the blink to facilitate better overall tracking
accuracy.

For this, we investigate the eye movement speed and the speed variation before and after a
blink, see Figure 4.9, 4.10, and 4.11. First, we looked at the change in speed before and after,
see Figure 4.9a and 4.10a. We found that the speed increases surrounding the blink, which
diverges from the time before and after. To study the behavior, we fitted horizontal lines to
the speed trajectory (visualized as dashed lines) to the data -300 to -150 ms before and 150 to
300 ms after the blink. This illustrates the difference between with and without blinks. Next,
we determined the points of divergence and visualized them as vertical dashed lines. Thus,
when the average speed exceeds the fitted average linked plus epsilon for the first time, we
determine this to be the cut-off, where the eyelid impacts the tracking resulting in inaccurate
tracking, see Table 4.7.

Table 4.7: |dentified time [ms] where data preceding and following a blink diverges from normal
movement

Closing Sequence  Opening Sequence

Freq. [Hz] Speed Var.Speed Speed Var. Speed

60 —16.6 -0.0 66.6 50.0
250 —4.0 -16.0 60.0 36.0
500 —48.0 —44.0 74.0 74.0
1000 —59.0 —70.0 59.0 118.0

As the variation, expressed by the standard deviation in Figure 4.9a and 4.10a, shows a similar
trend, we next analyze the speed variation using the same methods. First, we fitted a horizontal
line and then a vertical line to determine the point of divergence. The results show that the
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variation of the eye movement speed following a blink is high directly after a blink and
decreases over time until it stabilizes around 0.1. This point depends on the frequency and
eye tracker and, thus, must be individually determined.
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Figure 4.9: (a) Mean of the eye movement speed preceding a blink for the different frequencies of the
stationary eye trackers in the data, including our reference data. We observe a steep increase in speed
before missing data appears, around -60 ms. (b) Variation of the eye movement speed preceding a
blink for the different frequencies of the stationary eye trackers in the data, including our reference data.
We observe a steep increase in variation before missing data appears, around -70 ms. The vertical
dashed lines represent the points identified as the first time the line crossed the fitted function plus
epsilon for both (a) and (b).
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Figure 4.10: (a) Mean of the eye movement speed following a blink for the different frequencies of
the stationary eye trackers in the data, including our reference data. We observe a steep decrease
in speed after missing data appear, with values normalizing around 60 ms. (b) Variation of the eye
movement speed following a blink for the different frequencies of the stationary eye trackers in the
data, including our reference data. We observe a steep decrease in variation after missing data appear,
normalizing around 120 ms. The vertical dashed lines represent the points identified as the first time
the line crossed the fitted function plus epsilon for both (a) and (b).
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Figure 4.11: (a) Distribution of eye movement speed [deg/ms] from 50 ms preceding missing data for
the different frequencies of the stationary eye trackers in the dataset. (b) Distribution of the variation
of speed [deg/ms] from 50 ms following missing data for the different frequencies of the stationary
eye trackers in the dataset. All dashed lines represent an inverse Gaussian distribution fitted to the
data with an R? > 0.98.

Figure 4.12 presents the results of the blink length across the different eye tracker frequencies
and eye tracking modalities. Our results show that between frequencies and modalities, the
lengths are distinguishable. In Figure 4.13, we show the normalized length distribution for the
stationary eye tracker frequencies. We use a Generalized Inverse Gaussian distribution [194]
to model the distributions of the lengths, see Figure 4.13. Our regression models yielded an
R? value of 0.93 for 1000 Hz, 0.98 for 500 Hz, 0.99 for 250 Hz, and 0.67 for 60 Hz.

We investigated how the different types and frequencies as fixed effects affect blink fre-
quency in a mixed effects model with the previously described intercepts and priors in
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Figure 4.12: We visualized the closed-eye time for the different types of eye trackers gathered in the
dataset, i.e., mobile, VR, and stationary, and their respective frequencies. Error bars represent the
standard error.

subsection 4.2.5. We found that all combinations of frequency and eye tracker type (station-
ary, mobile, and VR) had a distinguishable effect on the blink frequency. Our findings are
reported in Table 4.4.
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Figure 4.13: We visualized the normalized frequency of closed-eye time for the different frequencies
for the stationary eye trackers. The dashed line represents an inverse Gaussian probability density
function fitted to the data. The closed-eye time is very similar independent of the frequency or type of
eye tracker used, which suggests it is independent of task.
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Figure 4.14: We visualize the usable data for the different frequencies available in the stationary eye
trackers. We observe a steep decrease in usable windows, where more than half of the data becomes
not usable when creating windows of 10 seconds, independent of frequency. The filled area represents
the standard deviation.

Baseline Analysis of Removing Sample with Missing Data

In Figure 4.14, we show the relation between the usable data (i.e., data without gaps) and
window length. We show that as the window length increases the chance that a window
contains one or more gaps increases. We note that the most predominant method for dealing
with missing data in a window is to ignore it. We show that applying this method results in a
decrease in usable data for further analysis. From an interactive systems point of view, this
would hinder user interaction. The data from the different stationary frequencies follow a
similar trajectory of a decrease in usable data as the window size increases. We also evaluate
the impact of different step sizes’ on the usable data. These follow all the same trajectory,
which suggests that there is no impact of step size on the usable data®.

Evaluating Infilling Methods

To evaluate the different infilling methods, we used the previously generated distributions
from Figure 4.13 to create artificial blinks in our dataset where there were no natural blinks
present. We used the most extreme value as an additional cut-off from Table 4.7 to simulate
the additional data we should remove when dealing with blinks as this data would be data that
contain artifacts from the blink. We applied this to our data from the stationary eye trackers
and for each frequency individually to generate roughly 40.000 blinks evenly distributed
throughout the data where there are no blinks naturally present, i.e., 750 ms before or after
the artificial blink. The generated blinks are about half the actual blinks in the dataset.

"Evaluate the window every X samples.

8We acknowledge that there are adaptive window size algorithms to deal with gaps; however, adaptive sizes are
not traditionally compatible with RNN and LSTM neural network models.
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Figure 4.15: We visualize the usable data for different step sizes, where “half” represents half the size
of the window, “same” represents the same step size as the window size, and “one” represents one
step. The filled area represents the standard deviation. We observe that step size has a similar result
in how much data is available across conditions.

We calculated the error as the mean distance between the points generated by the inter-
polation methods and the actual data in degrees (ground truth). Following this, we applied
linear, polynomial (3rd- and 4th-order), cubic spline, and spline interpolation methods over
each generated blink and calculated the error. Our results show that the linear interpolation
achieves the lowest mean error for 60 and 500 Hz data (0.43 and 0.09 mean degrees error,
respectively) and that cubic spline interpolation achieves the lowest mean error for 250 and
1000 Hz data (0.18 and 0.54 mean degrees error, respectively). However, the results between
linear and cubic spline are close. Polynomial interpolation on the 4th-order performs worst
over all frequencies. We have visualized these findings in Figure 4.16. For more details of all
the different errors, see Table 4.8 and Table 4.9.
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Figure 4.16: Error in mean distance from the ground truth in artificially introduced blinks into the data
over different infill methods and frequencies for all stationary eye trackers. We see that the infilling using
linear or cubic spline interpolation overall results in the least amount of mean distance; additionally,
4th-order polynomial infilling results in the worse.

Table 4.8: Mean error in degrees for Linear, Poly 3 (3rd order Polynomial), and Poly 4 (4th order
Polynomial) infilling methods across different stationary eye tracker frequencies. M = Mean, SD =
Standard Deviation, LL = Lower Limit, UP = Upper Limit for 95% CI.

Freq [Hz] Linear Poly 3 Poly 4

M SO ILL UP M SO LL UP M SD LL UP
60 0.43 0.79 0.41 0.45 0.48 1.02 0.46 0.51 1.6815.83 1.31 2.04
250 0.19 0.21 0.19 0.2 03 0.3 0.29 03 0.31 0.74 0.29 0.33
500 0.09 0.08 0.09 0.09 0.11 0.1 0.11 0.11 0.11 0.21 0.11 0.12
1000 0.56 1.17 0.53 0.58 0.6 1.34 0.58 0.63 1.2 6.74 1.06 1.33
Avg. 0.32 0.56 0.3 0.33 0.37 0.69 0.36 0.39 0.82 5.88 0.69 0.96
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Table 4.9: Mean error in degrees for Cubic Spline and Spline infilling methods across different stationary
eye tracker frequencies. M = Mean, SD = Standard Deviation, LL = Lower Limit, UP = Upper Limit for
95% Cl.

Freq [Hz] Cubic Spline Spline

M SO LL UP M SD LL UP
60 0.49 0.86 0.47 0.51 0.61 1.24 0.58 0.64
250 0.18 0.18 0.17 0.18 0.25 0.27 0.25 0.26
500 0.09 0.09 0.09 0.09 0.11 0.12 0.11 0.12
1000 0.54 0.93 0.52 0.56 0.73 1.08 0.70 0.75
Avg. 0.33 0.52 0.32 0.34 0.42 0.68 0.41 0.44
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4.3 Eye-Tracking Interpolation Effects on LSTM Model Performance

While previous work has explored methods to handle missing eye-tracking data, the effects
of these choices on machine learning performance remain underexplored. In this section,
we evaluate how different interpolation methods impact LSTM-based classification models.
Our findings show that preprocessing decisions can significantly affect model accuracy and
generalizability, underscoring the need for standardized approaches.

4.3.1 Method

We base our analyses on the data and scripts from Annerer-Walcher et al. [7] to evaluate the
different infilling methods. We selected this dataset as, from their work, they provide both
their data and model structure open-source on https://osf.io/scmry/. Their dataset
consisted of binocular eye tracking data, including x and y-screen-based coordinates and
pupil dilation. It contains information on conditions internal and external focus vs. verbal,
numerical, and visuospatial tasks (two conditions x three tasks). They investigated how
consistently different eye parameters respond to internal versus external attentional focus
across the three task modalities (verbal, numerical, and visuo-spatial). They report that
classifying the focus of attention worked well across participants but that generalizing it
across the different tasks had proven challenging.

We use their data and model structure to evaluate the impact of the different infilling methods
from peer-reviewed work. As such, we ran their scripts in 3 fold, once without changes, once
where we linearly interpolated the gaps and once where the interpolation was done using
a cubic spline method, without altering their scripts to preserve the validity of our work.
These are the recommended infilling methods as by Grootjen et al. [83]. Following those
guidelines, we removed 70 ms preceding and 118 ms following missing data, as the blink can
affect these. We used scripts containing the interpolation methods and removed the data
preceding and following a blink from Grootjen et al. [83], as these are openly available on
https://eyetrackingguidelines.github.io/.

Pre-Processing the Data

To preprocess the data, we leveraged the existing scripts from Annerer-Walcher et al. [7].
These existing scripts allowed us to read the different files that are part of the main task. They
also provided training before the main task on their open-science framework repository. Even
though we could not find in their code that this explicitly was excluded, we assumed it was and
thus only used the files from the main task. The SMI RED250mobile system (SensoMotoric
Instruments, Germany) with a temporal resolution of 250 Hz, a spatial resolution of 0.03°, and
gaze position accuracy of 0.4° that they used for their experiment, writes 0 in the file whenever
the eye tracker cannot find the pupil®. To leverage the existing scripts for interpolation from
Grootjen et al. [83], we replaced all of the “zeros” with “Not a Number’s” (NaN).
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Missing Data

Figure 4.17 presents the results of the consecutive NaN’s logged. In the work of Grootjen et al.
[83], they showed that the closed eye time does not go beyond 1 second. As such, we have split
the dataset into different parts once this happens, as the assumption here would be that there
is missing values for other reasons than a blink. When looking at the remaining consecutive
NaN’s in the data we can see that this follows a similar pattern as the one visualized in Grootjen
et al. [83] and Holmqvist et al. [101]. We use a Generalized Inverse Gaussian distribution [194]
to model the distributions of the lengths, see Figure 4.18. Our regression models yielded an
R? value of 0.51.

Gaps in the Recording due to Eye-Tracker

When visualizing the data, we found jumps in time that do not follow the 8 ms gap of the 125
Hz recording. Jumps in time between samples were on average 11.9 ms long with a standard
deviation of 234 ms. In Figure 4.19, we visualize the number of seconds between two lines
being logged into the different files in seconds that are over 8 ms (+ 10%). In total, the dataset
contains 78.755 gaps in recording that are over this limit (m = 1324.9 ms, std = 4076.2 ms).

While sensors, such as eye trackers, deliver samples at a given frequency, the time is typi-
cally not precise. It can even happen that one or multiple consecutive samples are arbitrar-
ily dropped. For this reason, we standardize the sampling frequency to perfect 125 Hz to
counteract these gaps in the eye tracking data. Thus, we resampled the data to be exactly
1/ frequency = 8msec apart. This allows us to investigate potential missing samples and gaps
in the data and, thus, test infilling methods. During this process, we did not infill data; we
merely ensured a perfect sample frequency of 125 Hz. If a sample was missing in the original
dataset, the data was added at the correct time and marked as NaN for later processing using
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Figure 4.17: The log-scaled distribution of consecutive NaN’s appearing in the data.
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Figure 4.18: We visualize the normalized frequency of closed-eye time for the dataset. The dashed line
represents an inverse Gaussian probability density function fitted to the data (R? = 0.51).
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Figure 4.19: lllustration highlighting the interval (time between) of the logged samples over 8.8 ms
(which should be the normal interval of a 125 Hz recording + allowance of 10% in variation).

the different infilling methods.

4.3.2 Results

In total, the dataset has 78.755 gaps in the recording where the eye tracker did not log any data
and 52.219 sections of data where there were consecutive 0’s (by us converted to NaN’s) logged
because the eye tracker was not able to recognize the pupil. We then resampled the data
frame to allow for consistent steps in time according to the 125 Hz logging in the remaining
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of data. We then split the dataset in parts where there were more than 1500 consecutive
NaN'’s in the dataset as the long short-term memory (LSTM) neural network (NN) provided
by Annerer-Walcher et al. [7] takes in a window of 1500 samples. In the initial dataset, having
1500 or more consecutive 0’s happening only existed nine times; after our pre-processing,
this happened 1198 times.

We infilled the dataset linearly and used cubic spline to fill in the remaining gaps in the data.
For the cubic spline infilling, we take three samples at the start and end into consideration
to allow the cubic spline interpolation to consider the velocity. If there was a gap of a single
sample during the cubic spline interpolation, we linearly interpolated this, as cubic spline
interpolation is not warranted in these scenarios. If there are NaN’s in the 3 samples before or
after the gap, we recusively go back or forward, respectively, until we find the allotted samples
without NaN’s. After interpolating, we had 3 datasets, one as provided and processed exactly
by Annerer-Walcher et al. [7], one linearly interpolated, and one cubic spline interpolated.
These interpolation methods were applied over x and y screen-based coordinates for both
eyes and the pupil dilation values for both eyes. Both of the interpolated datasets were without
any missing samples or NaN’s remaining.

In the work of Annerer-Walcher et al. [7], they have used 157 participants from the whole
dataset and excluded 9. Of this data, 135 sessions were used as training data to adjust the
model parameters, and the remainder were used as testing data, pooling data from all tasks.
Unfortunately, we could not identify in their publication or from the OSF page which par-
ticipants were excluded and which sessions were used for which purposes. As such, we
split the whole dataset, using a fixed seed, based on all participants (166), using 60% of the
participants (99) for training, 20% for testing (33), and 20% for validation (33). We used the
existing processing scripts after the infilling to generate the input for the LSTM model. We
left the model’s hyperparameters unchanged in the code.

As such, our model starts with the input layer of 1500 x 16, followed by an LSTM layer of 64
units, after which there was a dense layer present of 64 units with a ReLu activation function
with a dropout layer of 0.45 following the dense layer. After the dense layer, the model contains
a convolutional layer followed by a max pooling layer as 1D. The final two layers contain
another LSTM layer of 32 units and a final dense layer of 2 for the output. The model uses a
nadam optimizer with a fixed learning rate of 0.001. The models were trained over 40 epochs
in batches of 30 with an early stopping rule and a patience of 3 on the validation loss.

Our reference model yielded a training accuracy after five epochs of 0.8713, a test accuracy
of 0.7699, and a validation accuracy of 0.7863. We achieved this with 6813 sets of windows
for training, 2490 sets for testing, and 2176 sets for validation for 11,479 sets of windows.
The model after linear interpolation yields a training accuracy after six epochs of 0.8834, a
test accuracy of 0.7732, and a validation accuracy of 0.7946. We achieved this with 8765 sets
of windows for training, 3157 sets for testing, and 2795 sets for validation for 14,717 sets of
windows (28.2% more data over default). Our final model using spline interpolation yields
a training accuracy after seven epochs of 0.9023, a test accuracy of 0.7555, and a validation
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accuracy of 0.7599. For this, we had 8732 sets of windows for training, 3141 for testing, and
2790 sets for validating (27.7% more data over default).

Model accuracy

—— Train
Test

Accuracy
o
=
S
True label

0.0 0.5 10 15 2.0 25 3.0 35 4.0
Epoch predicted label

(a) Default (b) Default

Model accuracy

—— Train
Test

Accuracy
e
<
&

True label

o 1 2 3 4 5 6

Epoch Predicted label
(c) Linear (d) Linear

Model accuracy

—— Train
Test

Accuracy
o e
@ @
8 G
[
A
w4
~d
v
True label

Epoch Predicted label

(e) Cubic Spline (f) Cubic Spline
Figure 4.20:

Figure 4.21: Left column: (a, c and e): Train and test accuracy of the LSTM model for three models.
Right column: (b, d and f): Corresponding confusion matrices from predictions on the validation set.
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4.4 Chapter Summary

In this Chapter, we investigated the impact of blinks on eye-tracking data quality and the
downstream consequences for interactive systems and predictive modeling. Blinks are short,
involuntary closures of the eyelids, necessary for ocular health, yet disruptive in the context
of gaze-based interaction. As eye-tracking becomes more embedded in real-time applica-
tions—such as attention-aware systems or adaptive user interfaces—the presence of missing
or distorted gaze data caused by blinks poses a critical challenge. We observed that these
disruptions are rarely handled in a consistent manner, threatening the reproducibility and
reliability of gaze-based research and applications.

To better understand current practices, we conducted a systematic literature review following
PRISMA guidelines. The goal was to assess how previous work detects and handles blink-
related missing data. We focused on three aspects: the method used to deal with missing data,
the detection mechanism for identifying blinks, and the task context in which gaze data was
collected. From 140 reviewed papers, we found that nearly half did not report sufficient detail
on their blink-handling strategies. Of the remaining 81 papers, we identified a wide range of
approaches, including removal, linear interpolation, spline and polynomial interpolation,
as well as other forms of imputation and signal reconstruction. The review uncovered a
high degree of methodological inconsistency across papers and tasks, providing options for
answering RQ 2:  How should we deal with gaps in eye-tracking data for machine learning
models? .

To further address RQ 2, we explored the use and implementation of blink detectors across
studies and eye tracker types. We found that while commercial systems like EyeLink and SMI
offer integrated blink detection software, these are often not utilized or reported. Instead,
researchers frequently treat missing data points as implicit indicators of blinks. However,
the lack of precise blink parsing, especially for detecting artifacts before and after the blink,
leads to suboptimal data treatment and possible retention of distorted signal segments.

After this, we evaluated the performance and implications of different interpolation tech-
niques using real and synthetic datasets. Specifically, we visualized and compared linear,
spline, cubic spline, and polynomial interpolation under various blink scenarios. Our re-
sults showed that linear and cubic spline interpolation produced the lowest mean error in
reconstructing gaze trajectories. Polynomial interpolation, particularly of higher order, was
more prone to artifacts. We also quantified the influence of removing too little or too much
data around the blink, finding that poor cut-off choices significantly impacted interpolation
quality.

We complemented these analyses with an empirical study using 11 open eye-tracking datasets,
from both stationary and VR devices, where we investigated blink frequency, duration, and
inter-blink intervals. We also conducted a high-speed video validation study to confirm the
relationship between signal gaps and eyelid movements. From this, we derived frequency-
specific thresholds for artifact trimming before and after blinks, extending previous work
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and providing empirical grounding for preprocessing pipelines.

To assess how preprocessing decisions influence machine learning outcomes, we applied the
identified methods in a practical modeling context. We retrained an LSTM-based classifica-
tion model on versions of a benchmark dataset that had undergone different preprocessing
steps. Models trained on data interpolated with linear or cubic spline methods not only
improved validation accuracy but also benefited from increased usable data—over 27% more
samples—demonstrating the practical value of retaining blink-afflicted data through interpo-
lation rather than removal.

Our work shows that while blinks are a natural part of human vision, they are often mishan-
dled in gaze interaction systems. This chapter presents the first comprehensive overview and
empirical assessment of blink-related challenges in eye tracking. By analyzing the prevalence
of different methods in the literature, evaluating their effects on both data integrity and
model performance, and proposing empirically validated preprocessing recommendations,
we provide a standardized pipeline for blink-aware gaze analysis.

We conclude that standardizing blink detection, artifact trimming, and interpolation can
substantially improve the robustness, fairness, and reproducibility of gaze-based systems.
The recommendations derived in this chapter serve as a foundation for more reliable research
practices and higher-quality interactive systems—laying the groundwork for future work in
gaze-based modeling, attention-aware interaction, and physiological computing.
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Central Field Loss (CFL) is a hallmark symptom of progressive retinal diseases such as macular
degeneration, often emerging subtly and remaining unnoticed in early stages [71]. Detecting
CFL early and monitoring its progression continuously is critical for timely intervention
and rehabilitation. Traditionally, such detection relies on clinical tests that are periodic and
sparse, limiting their capacity to capture the temporal dynamics of functional vision loss. To
make testing more timely and accessible, we investigate how eye-tracking, collected during a
visually guided task, can support the continuous detecting of CFL. For this, we emphasize
low-latency and cost-effective classification methods.

To achieve reproducibility and isolate the effects of CFL, we use an available dataset from
Barraza-Bernal et al. [20], which employs a simulated gaze-contingent scotoma. This approach
is widely accepted in vision science (e.g., [232]) and allows for controlled experimentation
with a fixed scotoma size of 6°, a threshold known to sometimes go unnoticed [71]. Using
this data, we compare traditional machine learning models (Support Vector Machines and
Random Forests) with deep learning approaches (Long Short-Term Memory networks) in
terms of classification accuracy and computational cost.

The primary goal of this chapter is to answer the following research question:
RQ 3:  Isreal-time detection of central field loss possible using eye-tracking data?

To answer it, we preprocess the gaze data using established algorithms, extract relevant
features such as fixation duration and saccade amplitude, and train the models using leave-
one-participant-out cross-validation. We then analyze feature importance (e.g., pupil size;
see Figure 5.2), model performance (Table 5.1), and cost-benefit trade-offs (Figure 5.4b). The
findings provide insights into how CFL alters gaze behavior and whether these changes can
be reliably and efficiently detected using unobtrusive eye tracking technology'.

This chapter is based on the following publication.

Grootjen, Jesse W. et al. ‘Assessing Eye Tracking for Continuous Central Field Loss
Monitoring. In: Proceedings of the 22nd International Conference on Mobile and Ubiquitous
Multimedia. MUM ’23. Vienna, Austria: Association for Computing Machinery, 2023,
pp. 54-64. DOL: 10.1145/3626705.3627776

'The following sections are copied with minor changes from the publications: subsection 5.1.1 until subsec-
tion 5.1.2
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5.1 Eye Tracking for Continuous Central Field Loss Monitoring

This section outlines our approach for using eye tracking to detect central field loss (CFL).
We describe the dataset, preprocessing steps, and models used—ranging from traditional
machine learning to deep learning—alongside an evaluation framework that quantifies the
trade-off between classification performance and computational cost across varying temporal
resolutions.

5.1.1 Methods

This section details the steps involved in the proposed approach for determining the cost-
benefit trade-off and estimation accuracy of central field loss. First, we describe the data
acquisition process. Next, we describe the pre-processing. This is followed by describing the
model used to train and validate both the machine learning and deep learning approaches.
Finally, we explain how we evaluated the cost associated with the different models and how
this relates to variable window sizes for the deep learning approach.

Dataset and Experimental Description

Our experiment used eye-tracking data from Barraza-Bernal et al. [20]. We decided to use a
dataset where participants had a simulated CFL to ensure the reproducibility of our results
across participants. This ensures that the CFL does not vary as would with participants
affected by CFL (i.e., shape and size of CFL may vary among affected participants). Using a
dataset from a study where participants use a simulated visual impairment is commonly used
to study phenomena in vision research e.g., Sipatchin et al. [232]. Five volunteers (z = 28.8
years) with normal or corrected-to-normal vision participated in the study. Every participant
was trained to acquire a peripheral retinal locus of fixation after four training sessions using a
simulated gaze-contingent CFL of six degrees, totaling between two to three hours of training
per participant [19]. Eye movements were recorded using an SR Research EyeLink 1000
Plus eye tracker with a spatial resolution of 0.01° and a sampling rate of 1000 Hz [20]. The
participants were asked to perform a visual discrimination task where the participant was
asked to discriminate between the presence of having more red or blue dots on the screen
by pressing the arrow up or down on the keyboard (see Figure 5.1). We used a subset of
the data consisting of two CFL simulations: one simulation without CFL (i.e., the baseline)
and a simulation with a simulated gaze-contingent CFL of 6°, representing CFL that can go
unnoticed [71].

Machine Learning

Before training our machine learning models, we prepared the eye-tracking data by extracting
meaningful features from raw gaze signals. The following section details the preprocessing
steps applied to identify and segment fixations, saccades, and blinks, forming the input for
our classifiers.
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Dataset Preprocessing

We identified fixations, saccades, and eye blinks using the EyeLink parsing algorithm and
adopted the following cutoffs based on previous related work [262]: saccadic velocity thresh-
old of 30°/s, a saccadic acceleration threshold of 8000°/s%, and motion threshold of 0.1°.
Eye movement data below the velocity threshold and acceleration threshold criteria were
classified as a fixation. Otherwise, it was labeled a saccade eye movement. For the saccade,
we collected the following features: duration, average position of the gaze in X and Y co-
ordinates, and average pupil dilation. For the fixations, we extracted the duration of the
saccade, the start and end points in x and y coordinates, the amplitude in degrees, and the
peak velocity in degrees per second. For the blinks, we simply extracted the duration of the
blink. All cells containing no values (e.g., NaN) were set to an arbitrary number that does not
occur (-1) to enable these rows of data to be fed into the models described below.

Model Description

We decided to use a Support Vector Machine (SVM) and Random Forests (RFs) to evaluate
the CFL prediction accuracy. CFL leads to a linear gaze deviation. SVMs and RFs are linear
statistical models and, hence, suitable to predict CFL. We analyzed the eye movement features
mentioned above using hyperparameter optimization for RF and SVM models. SVMs were our
first choice as a model as it has been extensively used in classification problems, especially
in eye-tracking research. Thus, using SVM as a baseline method allows comparisons with
previous and future work. SVM maps its input vectors into a high dimensional feature space
through a chosen non-linear mapping and then finds an optimal hyperplane to separate the
classes with a maximal margin, which reduces the generalization error [171]. This work uses
the SVM implementation in the Python library Scikit-learn [36].

RF is a classifier comprising an ensemble of randomized decision trees, which make a joint
decision on the class [32]. Like SVM, RF has been used with good results in various tasks.
First, we applied RF to compare SVM with at least one other popular method. In addition
to its demonstrated practical usefulness, RF models tend to be robust, which is important

(a) (b)

Figure 5.1: (a): Baseline without simulated CFL. (b): Simulated gaze contingent CFL of 6° of the
experiment.

97



Applications

Fixation Average Pupil Size
Feature Duration

Fixation Average Y Position
Saccade Amplitude (deg)
Fixation Average X Position
Saccade Start Position Y

Saccade End Position Y

Eye Movement Feature

Saccade Peak Velocity (deg/sec)
Saccade Start Position X
Saccade End Position X

Feature

0.00 0.05 0.10 015 0.20
Mean decrease in impurity (feature importance value)

Figure 5.2: Feature importances measured by the mean decrease of Gini-impurity for the leave-one-
participant-out nested cross-validation. The pupil size achieves the highest importance among all
features.

as this work could generalize to health diagnostics, generalization capability, and intrinsic
feature selection opportunities embedded in decision tree-based methods [54]. Here, we
applied the RF and SVM implementation from scikit-learn? [36].

An appropriate configuration of the hyperparameters is necessary to produce a model with
the best performance for the problem. For this, we used grid search for exploring the hyper-
parameter space, using scikit-learn. We opted to do an exhaustive search of the most suitable
kernel type, C (i.e., the regularization parameters), and ~ (i.e., the radial basis width) for the
SVM.

Similarly, we did an exhaustive search to find the optimal number of trees for the RF (i.e.,
denoted as n_estimators), the criterion, maximal depth of the trees in the forest, the minimal
sample split, and the max_features parameter. Having a larger number of trees in the forest
increases the classification efficiency at the cost of increasing the computational time required
to train a model. When splitting a node in the decision tree, the feature used for the split is
selected from a random subset of features. The number of features chosen for this subset
is determined by the maxz_ feature parameter. The other RF parameters remained in their
default settings.

Deep Learning

To train our deep learning models on raw gaze sequences, we first segmented the continuous
eye-tracking data into overlapping temporal windows. The following section outlines the
preprocessing steps used to construct these windows and normalize the input data for effective
temporal modeling.

Zwww.scikit-learn.org/stable
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Table 5.1: Accuracy, precision, recall, weighted F; scores and AUC PR of the leave-one-participant-out
cross-validation for the best models from the hyper-parameters optimization for the feature-based
models.

Model Parameter Accuracy Precision Recall Weighted F;-Score AUCPR
C: 1000
SVM Kernel: thf .730 736 722 726 821

Criterion: Gini
Max Depth: None
RF Max Features: Auto 769 .758 .750 766 .863
Min Sample Split: 6
Number of Estima-
tors: 900

Criterion: Gini
Max Depth: None
RF Max Features: Auto 766 .756 752 .765 .860
Min Sample Split: 9
Number of Estima-
tors: 300

Dataset Preprocessing

For the deep learning models, one second of data was removed from the eye movement data
before and after the calibration and validation sequence. The following windows represent
the data interval that the model needs to estimate the likelihood of CFL. The window sizes
vary from 50 msec to 10,000 msec of data, increasing in steps of 50 msec. The overlap between
windows is always exactly half of the window size, e.g., if the window size is 50 msec, the
window is moved 25 msec at a time. The window is removed if the window contains invalid
values (e.g., because of blinks). Following this, we normalized all windows by moving the
series of data points at the start of each window to the coordinate 0,0. Afterward, we turned
the window such that the data point following exactly points up. Each window contains the x
and y screen gaze coordinates (i.e., the pixel coordinates) and the pupil size value in the sum
of the number of pixels inside the detected pupil contour.

Model Description

We use a Long Short-Term Memory (LSTM) network for learning temporal long-term depen-
dencies, especially when predicting time-series which is usually the case when classifying
gaze data. The input layer of our model varied in size to accommodate the window size, e.g.,
when there was a window size of 50 msec, the input layer was 50 x 3 (x, y, pupil dilation).
After the input layer, we used an average pool layer with a pool size of 3. The third layer is our
first LSTM layer with 32 nodes. The fourth layer was another average pool layer with a pool
size of 3. The fifth layer was a dropout layer with the dropout set to 0.5. The sixth layer is our
second LSTM layer with 20 nodes. After which, we have a second dropout layer, again set to
0.5. Followed by the output layer with 2 nodes representing the no-CFL or CFL condition.
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We trained the model using an exponential decay learning rate scheduler, with an initial
learning date of 0.0001, decay steps of 20,000, and a decay rate of 0.98. We enabled early
stopping while monitoring the validation precision-recall with a patience 10. We set the
maximum number of epochs to 500 and the batch size of 128. All models were trained with
a loss function for binary cross-entropy and precision-recall area under the curve for the
metrics, using one GPU per run (Tesla V100), in TensorFlow using the Keras API [45].

Evaluation

All models were evaluated using a leave-one-participant-out nested cross-validation. All run
times of final models are done on a MacBook Pro 13" (i7 2.8 GHz, 16 GB, Intel 655). For the
cost function, we take the run time into account that a single entry requires to be evaluated
by our models. We denote the cost as the following:

t, ift<
Cost = v (5.1)
o, ift > w

t is the time in msec needed to evaluate a single entry, and w is the duration of the feature
or window size in msec, depending on whether we evaluate our approach via machine or
deep learning. The cost function is a linear function of the time required to evaluate an entry.
However, if the time required for evaluating the entry is larger than the duration or window
size, there will be a penalty of a factor of two for the time.

5.1.2 Results

We compared the classification accuracy between traditional machine learning (i.e., SVM,
RF) and deep learning (i.e., LSTM), after which we compared these models using the cost-
benefit function. We evaluate a general classification model by investigating the classification
performance through leave-one-participant-out cross-validation. This means that we use
all participant data for training except for one participant, which we use for evaluation.
Semantically, this approach learns a model without knowing anything about the person in
advance and predicts the presence of CFL independent of individual context and differences.
We describe the results in the following.

Machine Learning

We applied the methods of section 5.1.1, which resulted in 11 features and 33,583 entries
for these features combined. We then trained and validated the model with 100 cycles for
precision and recall and using a leave-one-participant-out cross-validation for the two classi-
fication techniques and their combinations of parameters. Table 5.1 shows an overview of the
best results. The column model indicates the machine learning method used to produce the
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model. The column “parameter” column indicates the parameters used to initialize the model.
The precision and recall columns contain the average score with their standard deviation.

Support Vector Machine

The SVM showed the best performance by using C' = 1000 and with a radial basis function
kernel, resulting in an accuracy of .73 (precision: .72, recall: .73, weighted F; score: .73). We
found a single set of parameters that performed best for precision and recall.

Random Forests

The RF classifier outperformed the SVM classifier for optimizing for precision and recall
with two sets of parameters as shown in Table 5.1. We found the difference in the two models
on two features, namely, the minimum sample split and the number of estimators. While the
best-performing model for precision uses a minimum sample split of 6 and 900 estimators,
the best model for recall uses values of 9 and 300, respectively.

Analyzing the most relevant features shows us that the average pupil size accounts for .238
of the Mean Decrease in Impurity (MDI), which can be seen in Figure 5.2. Followed by the
saccadic amplitude, the duration of the feature and the average y position during a fixation.
Together, these four features make up over half of the MDI.
0 0
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Figure 5.3: Rose plot of eye movements after pre-processing for deep learning for participant 5 for a
window size of 1250ms. It shows where eye movements are going towards and how many points are
overlapping. Darker is more. (a) Without simulated CFL and (b) with simulated CFL.

Deep Learning

We applied the methods described in section 5.1.1 to train our LSTM models. We trained
and validated our models using the leave-one-participant-out cross-validation, resulting in
a total of 1000 trained models. Each is trained on a different combination of window sizes
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and participants. As visualized in Figure 5.4a, we can see a general increase in mean Area
Under the Curve (AUC) for precision and recall as we increase the window size for our LSTM
models. This is to be expected.

More interestingly, the steepest AUC benefit is achieved at ca. 1,600 msec. Accuracy increases
are minimal and variable after 5 seconds of window size, although increasing the window
size to 9950 msec generated accuracy benefits of up to .725. However, increasing the window
size also tends to capture more blinks. This resulted in missing values, resulting in sparser
data. We visualize the eye-tracking data for windows sizes of 1250 msec in Figure 5.3. Here
we see all the individual data points visualized after processing for participant five for both
conditions. The data points scatter more during the CFL simulation conditions than those
without CFL.
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Figure 5.4: (a): Mean evaluation time plotted on the left-y-axis, mean AUC Precision-Recall plotted
on the right-y-axis,the accompanying window size on the x-axis. The yellow line denotes the trade-off
between the required window size and classification accuracy. A reasonable trade-off is achieved at
ca. 1600 msec, since longer window sizes degrade the classification performance (e.g., due to loss of
data through eye blinks). (b): Mean AUC Precision/Recall plotted on the y-axis and the accompanying
evaluation time on the x-axis.

Evaluation

We applied the methods from section 5.1.1. We ran each model 100 times, evaluating a single
data entry. In Figure 5.4a, we show a linear relation between mean evaluation time and the
window size, denoted as Evaluation Time = 0.00415 x window size + 37. We also see that
the penalty function described in section 5.1.1 never applies, as the evaluation time stays well
below the window size.

When visualizing the cost described by the linear equation above and the benefit from the
increase in window size as visualized in Figure 5.4b we can see that there is a lot of benefit
at the start while the evaluation time only increases slightly. After this, there is little gain in
the AUC PR while the evaluation time keeps linearly increasing. Given that the information
becomes sparser with the increase in window size, we recommend using a window size of
1600 msec for the best cost-benefit trade-off (see Figure 5.4b).
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5.2 Chapter Summary

In this chapter, we investigated whether eye tracking can be used to continuously and effi-
ciently detect the presence of central field loss (CFL), with the goal of enabling unobtrusive
and real-time monitoring. We addressed this by comparing traditional feature-based machine
learning models with deep learning approaches trained on raw temporal sequences of gaze
and pupil data. Our approach utilized a dataset with simulated CFL from Barraza-Bernal et al.
[20], which allowed for reproducible evaluation across controlled conditions.

RQ 3:  Isreal-time detection of central field loss possible using eye-tracking data?

This question was addressed by developing and evaluating multiple classification models. We
found that both machine learning and deep learning approaches are capable of distinguishing
between normal and CFL-affected gaze behavior with reasonable accuracy, with Random
Forests reaching an accuracy of 0.769 and LSTMs achieving comparable precision with
window sizes around 1600 msec.

In the first part of the chapter (section 5.1.1), we extracted a set of 11 eye movement features
(e.g., fixation duration, saccade amplitude, and pupil size). These were used to train SVM and
RF classifiers using leave-one-participant-out cross-validation. Random Forests outperformed
SVMs in terms of accuracy and area under the precision-recall curve (AUC PR), with pupil
size emerging as the most important predictive feature (Figure 5.2).

In the second part of the chapter (section 5.1.1), we trained LSTM models on raw gaze co-
ordinates and pupil size. We varied the input window size from 50 msec to 10,000 msec
and evaluated performance across all settings. We found that performance improves with
larger window sizes, peaking around 1600 msec, after which gains plateau or degrade due to
increased data sparsity (e.g., from blinks; see Figure 5.4a).

In the final part (section 5.1.1), we introduced a cost model based on evaluation time relative
to window size. By plotting AUC PR against runtime (Figure 5.4b), we identified a cost-efficient
sweet spot at a window size of 1600 msec. Beyond this, the marginal benefit in accuracy
diminishes while evaluation cost continues to rise.

Overall, this chapter demonstrates the feasibility of using eye tracking to support continu-
ous, low-latency monitoring of central field loss and provides design recommendations for
window-based gaze analysis in real-time applications.
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This dissertation contributes to the dynamic environment of preventive healthcare by demon-
strating that gaze behavior can serve as a non-invasive, cost-efficient, and scalable biomarker
for early detection of visual impairments. Across three interrelated studies, we show that
changes in oculomotor dynamics (such as fixation instability, altered saccadic patterns, and
pupil responses) can reveal subtle signs of functional vision loss before individuals become
consciously aware of symptoms. This aligns with global healthcare priorities that emphasize
early intervention to reduce the burden of chronic, progressive diseases [168, 278].

Unlike conventional ophthalmological screening, which is episodic, equipment-intensive,
and typically initiated only after symptomatic onset, gaze-based methods offer a passive and
ubiquitous alternative. Our approaches demonstrates that simulated impairments, validated
preprocessing pipelines, and machine learning can jointly support unobtrusive monitoring
suitable for home or community-based settings. This is especially important in marginalized
populations or aging societies where early clinical access may be limited.

By addressing both technical feasibility and behavioral validity, the findings in this disserta-
tion advance the integration of ocular health into broader preventive care frameworks. The
models and methodologies introduced herein not only highlight the diagnostic potential of eye
tracking but also set the stage for future systems that can identify visual impairments silently
progressing in the background—thereby enabling timely referrals, targeted interventions,
and improved long-term outcomes.

Chapter 3 addressed RQ 1: Can gaze patterns in VR simulations reveal signs of visual im-
pairments? By analyzing gaze behavior during simulated visual impairments—specifically
cataracts, glaucoma, and age-related macular degeneration (AMD)—we found that gaze met-
rics are sensitive to impairment severity, particularly in later stages, and can provide early
indicators before participants become consciously aware of perceptual degradation.

In the glaucoma and cataract simulations, we observed distinct and condition-specific gaze
adaptations. For glaucoma, increasing peripheral vision loss was associated with longer task
durations, reduced saccadic amplitudes, and lower pupillary activity. These effects mirror
real-world deficits observed in glaucoma patients and align with prior simulation work [234,
244]. In cataract simulations, we found similar signs of disruption: task completion time
increased, fixation rate rose, and saccade frequency dropped with greater simulated severity.
Strikingly, over 60% of participants remained unaware of the simulated monocular cataract
progression, even as these measurable gaze changes emerged. This dissociation between
subjective awareness and objective behavior highlights the potential of gaze-based systems
to detect early impairment stages—critical for preventive healthcare [278].

The AMD simulation, however, revealed more limited gaze-based effects in early-stage central
field loss. While prior studies have documented compensatory strategies such as PRLs and
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fixation instability in real patients [39, 51], our findings suggest that subtle CFL simulations
may not sufficiently disrupt behavior in short visual search tasks to produce robust gaze sig-
natures. This may reflect both the strength of contextual cueing in our realistic VR scenes and
the need for longer or more cognitively demanding tasks to elicit AMD-specific adaptations.

A key contribution of this chapter was the validation and refinement of simulation fidelity.
Through structured interviews with individuals who had experienced cataracts, we learned
that common simulation methods—such as uniform color filters or blur overlays—were often
described as unrealistic. In response, we implemented alternatives, including luminance
compression for contrast loss and perceptually grounded color shifts. Participants reported
that these techniques more accurately reflected their lived visual experiences, increasing the
ecological validity of our simulation pipeline [133]. These validated parameters were then
used in user studies to probe how different severities of simulated impairments affect gaze.

Overall, our results show that when VR simulations are perceptually validated and combined
with gaze analysis, they can reveal subtle signs of visual impairments. The strongest effects
emerge in moderate to severe impairment conditions, but early markers—such as increased
fixation rate or saccadic changes—can appear before participants themselves notice changes.
These findings offer a foundation for low-burden, gaze-based screening tools that align with
preventive health goals. By identifying impairments through naturalistic tasks and without
requiring explicit input, such systems could support earlier interventions and reduce the
societal burden of undiagnosed vision loss.

Chapter 4 addressed RQ 2:  How should we deal with gaps in eye-tracking data for machine
learning models? through a combination of a literature review, empirical validation, and
machine learning analysis, we provide a comprehensive answer that not only quantifies the
challenges posed by blink-induced gaps but also identifies effective strategies for mitigating
their impact on gaze-based prediction systems.

Taken together, Chapter 4 answers RQ 2 by providing concrete, evidence-based guidelines
for detecting, trimming, and interpolating blink-related gaps in eye-tracking data. These
contributions advance the state of the art in both gaze-based machine learning and real-time
interactive systems and pave the way for more robust and reproducible models of visual
attention and impairment detection.

Our findings demonstrate that blink-related interruptions are both prevalent and methodolog-
ically under-addressed in the literature. As established in the related work [83, 101], blinks
are physiologically complex events that not only result in missing gaze data but also distort
the signal before and after the closure. This aligns with prior research on blink dynamics [65,
259], which shows that cognitive and environmental factors modulate blink characteristics,
complicating their treatment in gaze data pipelines.

The structured literature review conducted in this Chapter 4 confirms that the field currently
lacks consensus on how to detect and handle blink-related gaps. Many studies rely on implicit
blink indicators—such as pupil disappearance—without using built-in parser functionalities,
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as also observed by Holmqvist et al. [101] and Appel et al. [9]. While tools provided by the
eye trackers from EyeLink and BeGaze include native blink detection features, these are
inconsistently reported or leveraged, which undermines replicability.

In addressing these gaps, this Chapter 4 contributes an empirically grounded pipeline for
blink-aware preprocessing. Through high-speed video verification and extensive analysis of
eleven open datasets, we identified precise artifact windows surrounding blinks that must
be trimmed to ensure signal fidelity. The resulting time thresholds—ranging from 59 to 118
ms post-blink depending on sampling frequency—offer a novel contribution to preprocess-
ing recommendations for eye-tracking studies. These findings extend the methodological
discussions in Grootjen et al. [81] and operationalize their call for more rigorous artifact
management.

The comparison of interpolation strategies further clarifies best practices. Linear and cubic
spline interpolation emerged as optimal across most conditions, aligning with the practical
recommendations by Grootjen et al. [83]. Conversely, polynomial interpolation—especially
of higher orders—often introduced distortions, corroborating concerns from prior work [170,
269]. Importantly, our results also showed that over-removal of pre- and post-blink samples
can degrade interpolation accuracy, suggesting the need for careful calibration rather than
aggressive trimming.

Finally, we demonstrated how these preprocessing decisions propagate into downstream
machine learning outcomes. Applying the different infilling methods to a benchmark LSTM
model revealed that models trained on interpolated datasets not only improved validation
accuracy but also gained over 27% more usable training samples. This directly responds to
concerns raised in related work [33, 242] about data sparsity and overfitting in gaze-based
sequence models. Moreover, it supports the argument that standardizing preprocessing
improves not only fairness and reproducibility but also model robustness—a critical goal for
real-time applications in HCI and preventive healthcare [57, 280].

In Chapter 5 we aim to answer RQ 3:  Is real-time detection of central field loss possible using
eye-tracking data? by exploring whether gaze-based machine learning and deep learning
models can accurately and efficiently detect central field loss (CFL) in continuous monitoring
contexts. Our results provide compelling evidence that both model classes are capable of
distinguishing CFL-affected gaze behavior from unimpaired viewing with substantial accuracy.
Random Forests (RF) achieved the highest performance among feature-based classifiers,
while Long Short-Term Memory (LSTM) models reached comparable results using only raw
gaze trajectories and pupil size—highlighting the potential for real-time and low-burden CFL
detection using relatively short input windows.

This work builds directly upon findings in prior research that demonstrate how CFL alters gaze
characteristics, particularly through increased fixation instability and reliance on eccentric
fixation strategies [51, 222]. Our analysis further supports these observations by showing that
pupil size and saccadic amplitude were among the most informative features in distinguishing
CFL from non-CFL trials (see Figure 5.2). These results align with previous work indicating
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that pupil size and saccadic dynamics reflect compensatory mechanisms in individuals
with simulated or real macular degeneration [39, 210]. Importantly, our findings show that
even subtle changes—introduced by a 6° gaze-contingent scotoma—are sufficient to produce
detectable signal patterns when analyzed with appropriate models.

The use of simulated impairments, such as those from Barraza-Bernal et al. [20], has been
validated in earlier studies [232] and allows for reproducible testing while maintaining ecolog-
ical validity. These simulations closely mimic the perceptual experience of central field loss,
enabling experimental control that is often unattainable in clinical studies. Our results echo
the conclusions of Pollmann et al. [198], who emphasized the alignment between simulation-
based findings and patient behavior, thereby reinforcing the value of simulated datasets for
machine learning development.

A notable contribution of Chapter 5 lies in modeling the trade-off between classification
performance and evaluation cost. While deep learning models often require substantial
computational resources, our window size analysis revealed a cost-benefit sweet spot around
1600 ms—where precision-recall performance is high without incurring excessive latency.
This contributes to emerging research that emphasizes runtime efficiency and privacy preser-
vation in gaze-based systems [241, 280]. Moreover, the finding that robust classification is
possible with relatively short windows challenges the assumption that long observation
periods are needed for detecting early-stage visual impairments [33, 237].

The methodological contrast between traditional feature engineering (SVM/RF) and end-
to-end learning (LSTM) also offers insight into how different modeling paradigms leverage
gaze data. While feature-based models benefit from interpretability—e.g., ranking feature
importance—the LSTM approach allows for fully automated analysis of raw gaze and pupil
time series, avoiding potential biases introduced during manual feature selection [93, 242].

To summarize, Chapter 5 advances the case for gaze-based detection of central field loss in
real-world scenarios. It demonstrates that unobtrusive eye tracking, combined with appropri-
ate machine learning pipelines, can serve as a viable tool for continuous vision monitoring.
These findings reinforce the growing relevance of eye tracking in preventive healthcare,
aligning with global efforts to detect age-related diseases like AMD before they impair quality
of life [205, 278].

6.1 Limitations

While Chapter 3 shows that gaze patterns in VR simulations can reveal early signs of visual im-
pairments, several limitations must be considered. Although the simulations were grounded
in validated parameters and informed by structured interviews with individuals affected by
cataracts and AMD, they cannot fully replicate the lived experience of progressive vision loss.
Participants with real impairments often develop long-term compensatory behaviors, such
as using preferred retinal loci (PRLs) in AMD or adopting scanning strategies in glaucoma,
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which are unlikely to emerge during short, simulated exposures. Additionally, individuals
adapt their daily environments to mitigate vision-related challenges—for example, placing
frequently used items in consistent locations. Such strategies, which reduce the visual search
load in everyday life, are not observable in controlled experimental tasks and may limit the
ecological validity of findings.

The simulations were evaluated with young, normally sighted participants to ensure con-
trolled comparisons, which may not generalize to older adults who are more likely to be
affected by these impairments. The weaker effects observed in the AMD simulation suggest
that either perceptual fidelity, task sensitivity, or adaptation time was insufficient to cap-
ture realistic behavior. Despite these constraints, the use of immersive VR combined with
eye tracking provides a powerful method to study early perceptual changes under tightly
controlled yet visually rich conditions.

In Chapter 4 we offer a detailed analysis of blink-related artifacts in eye-tracking data and
their impact on machine learning models, however, several limitations should be noted. First,
although the literature review adhered to PRISMA guidelines and focused on high-impact
venues in HCI (ACM and IEEE), it excluded vision science and clinical journals such as ARVO
or Journal of Vision. Consequently, some medically oriented approaches to blink detection
and correction may have been overlooked. Additionally, the review revealed inconsistencies
in reporting blink handling methods, which may have limited the reliability of the extracted
metadata despite our structured coding and inter-rater validation.

Second, our empirical evaluations primarily used screen-based datasets and focused on
stationary setups with standard lighting and head positioning. As a result, the generalizability
of the proposed artifact cut-offs and interpolation strategies to mobile or wearable contexts
(e.g., AR or real-world tracking) may be constrained. While the blink verification experiment
using high-speed video adds ecological validity, it was limited to a single participant and
voluntary blinks, which are known to differ in duration and dynamics from spontaneous
blinks [101]. Furthermore, our machine learning experiments focused on one dataset and
a specific LSTM architecture. Although the results support the effectiveness of blink-aware
preprocessing, future studies should explore broader model classes, task types, and real-time
applications to establish more generalizable guidelines.

While Chapter 5 demonstrates the feasibility of CFL from gaze data using both traditional and
deep learning methods, several limitations constrain the generalizability of these findings.
Most notably, the study relies on simulated impairments rather than clinical populations.
While gaze-contingent scotoma simulations have been validated in prior work [198, 232],
they cannot fully reproduce the variability, perceptual adaptation, and long-term compen-
satory strategies seen in real-world cases. Individuals with CFL often learn to manage their
environment by establishing routines or spatial anchors—such as placing keys in a fixed
location—that are unlikely to manifest in short-term experimental tasks [131]. As such, the
behavioral signals captured in this study may underestimate the diversity of gaze patterns in
individuals with progressive vision loss.
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Additionally, the small sample size and task-specific nature of the dataset from Barraza-Bernal
et al. [20] may limit the external validity of the results. The visual discrimination task provides
a controlled testing ground but lacks the ecological complexity of daily visual activities such as
reading, navigation, or face recognition [98, 214]. Moreover, although leave-one-participant-
out cross-validation reduces overfitting, inter-individual variability remains a confounding
factor. Lastly, computational cost was benchmarked on high-performance hardware, and
further investigation is needed to understand how model latency and energy consumption
translate to consumer-grade or wearable devices intended for continuous health monitoring.

6.2 Future Work

While the findings across this dissertation demonstrate the feasibility and promise of gaze-
based techniques for detecting visual impairments in virtual and real-world settings, several
limitations must be acknowledged that span simulation design, data quality, methodological
generalizability, and ecological validity. The following sections outline these limitations in
greater detail across each major contribution, highlighting the need for more individual-
ized, longitudinal, and multimodal approaches. Together, they emphasize the importance
of validating gaze-based systems not only in controlled experimental conditions but also in
clinically diverse populations and real-life environments. Addressing these constraints will
be critical for ensuring that gaze-driven models are both scientifically robust and practically
deployable in preventive healthcare contexts.

While Chapter 3 demonstrates the feasibility of using gaze patterns in VR simulations to reveal
signs of visual impairments, future work should extend this line of research toward more
personalized and longitudinal approaches. The current simulations modeled generalized
impairment progressions based on interview data, but they are based on single pointed
interviews without longitudinal objective data, as such individual differences in impairment
type, progression speed, and gaze adaptation strategies remain unaccounted for. Future
studies could integrate clinical imaging data or patient-specific vision profiles to create
individualized simulations that more closely mirror real-world impairments. In parallel,
longitudinal studies with individuals diagnosed with cataracts, glaucoma, or AMD could
reveal how gaze characteristics evolve over time, offering stronger validation for early-stage
detection models.

Further, research should broaden the scope of tasks and contexts under investigation. The cur-
rent studies focused on structured visual search in familiar environments, but daily life often
includes more dynamic, open-ended, and unpredictable scenarios. Incorporating tasks such
as indoor navigation, object manipulation, or mobile interactions could uncover additional
gaze markers of impairment. Moreover, future systems may benefit from multimodal data
streams—such as blink dynamics, head movements, or luminance-driven pupil responses—to
build more robust, real-time detection models. These expansions would not only improve
the accuracy and applicability of gaze-based diagnostics but also move the field closer to
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practical deployment in preventive healthcare settings.

Building on the findings presented in Chapter 4, future work should explore the general-
izability of blink-aware preprocessing across a wider range of eye-tracking modalities and
application domains. While we in this Chapter 4 focused on stationary, screen-based setups,
mobile and head-mounted systems introduce additional noise sources such as motion blur,
occlusion, and environmental variability. Investigating how blink-related artifact trimming
and interpolation behave under such conditions is essential for extending these methods to
real-world settings, including AR/VR, in-the-wild cognition studies, or gaze-based accessibil-
ity tools. Moreover, the blink cut-off thresholds established here could be refined through
larger-scale video validation studies involving both spontaneous and voluntary blinks across
diverse participant samples.

In addition, future research should evaluate how different interpolation strategies affect
not just model performance but also interpretability and trust in gaze-based systems. While
linear and cubic spline methods yielded the lowest reconstruction error and highest LSTM ac-
curacy, other models—such as transformers or convolutional networks—may be differentially
sensitive to infilling artifacts. Evaluating how preprocessing choices influence explainability,
robustness to adversarial noise, or fairness across user subgroups could offer deeper insight
into model behavior. Finally, integrating blink-aware preprocessing into real-time pipelines
and benchmarking latency-performance trade-offs would advance the applicability of these
methods in adaptive interfaces, diagnostic tools, and continuous monitoring systems.

Future work should prioritize the validation of gaze-based CFL detection models with individ-
uals diagnosed with macular degeneration or other clinical sources of central vision loss to
continue from the contributions mentioned in Chapter 5. While simulated scotomata offer
a standardized testbed, studies with real patients would enable investigation of long-term
behavioral adaptations, the stability of preferred retinal loci (PRLs), and the impact of in-
dividualized compensation strategies [210, 222]. Such work could also explore how visual
training interventions alter gaze behavior and whether these adaptations improve or hinder
model-based detection. Including clinical populations would further clarify the relation-
ship between impairment severity and classifier sensitivity, enabling models that support
individualized risk assessment or therapy planning.

Beyond participant diversity, expanding the experimental scope to more complex and nat-
uralistic visual tasks represents another key direction. Future studies could explore gaze
behavior in activities such as reading, visual search in cluttered scenes, or interaction with
mobile devices, potentially uncovering richer features or temporal patterns. Incorporat-
ing multimodal data—including head movement, scene context, or even audio cues—could
enhance the robustness of gaze-based classification. Finally, integrating these models into
real-time, privacy-aware applications—such as in-home screening tools or adaptive user
interfaces—would advance the goal of gaze-based preventive diagnostics. Doing so requires
continued focus on cost-efficiency, runtime constraints, and user transparency, ensuring that
such systems remain usable, ethical, and scalable in real-world healthcare settings [241, 280].
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CONCLUSION

This dissertation set out to investigate how gaze behavior can be used to detect early signs of
visual impairment, and to explore how such detection could support the goals of preventive
healthcare. While vision loss remains one of the most underdiagnosed non-communicable
conditions globally, gaze-based approaches offer a promising route toward early, unobtrusive,
and cost-effective screening. By combining high-fidelity simulations, machine learning,
and artifact-aware preprocessing, this work contributes a multidisciplinary framework for
developing gaze-based diagnostic systems that are both technically robust and behaviorally
grounded.

The chapters of this thesis followed a three-part structure aligned with the overarching
research questions. First, we examined how different visual impairments influence gaze
behavior in virtual environments using perceptually validated simulations. Second, we ad-
dressed methodological challenges related to data reliability—particularly the handling of
blink-induced gaps in eye-tracking sequences. Finally, we explored real-time gaze-based
classification of CFL using both traditional machine learning and deep learning models,
with special attention to cost-efficiency and scalability. Each of these parts contributes to
a growing body of research that repositions eye tracking from a niche research tool to a
practical component of future healthcare systems.

7.1 Insights

This thesis produced several key insights. From the behavioral perspective, we found that gaze
metrics such as fixation rate, saccadic amplitude, and pupillary response are sensitive to the
presence and severity of visual impairments—even before participants become consciously
aware of the simulated degradation. In particular, simulations of cataracts and glaucoma
yielded distinct, measurable gaze adaptations, supporting the hypothesis that early-stage
impairments can be inferred from naturalistic gaze behavior. These findings reinforce prior
research on perceptual compensation [51, 210], while also offering new empirical support for
gaze-based screening in preventive care.

In the second part of this work, we contributed a systematic analysis of blink artifacts—one
of the most common sources of noise in eye-tracking data. We reviewed current practices,
defined empirical trimming thresholds across multiple datasets, and evaluated how different
infilling methods affect machine learning performance. This work addressed an important
gap in the literature [83, 101] and demonstrated that careful preprocessing is essential for
building reliable gaze-based models, particularly when deployed in real-time systems.

The final part of the thesis evaluated the feasibility of continuous CFL detection using eye-
tracking data. Both feature-based classifiers (SVM, RF) and sequence models (LSTM) were able
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to differentiate between baseline and CFL conditions. Notably, we introduced a cost-benefit
framework that quantified the trade-off between classification accuracy and computational
latency. This analysis revealed that robust classification is possible with relatively short input
windows (ca. 1600 ms), making real-time deployment feasible even on resource-constrained
devices. These contributions align with broader efforts in applied Al to balance predictive
performance with deployment constraints and reinforce the potential of gaze-based screening
for scalable, at-home use.

7.2 Closing Remarks

This thesis presents a vertical evaluation of gaze-based vision loss detection, examining the
behavioral foundations, methodological barriers, and computational strategies required to
enable real-world applications. While prior research has often focused on technical feasibility
or clinical validation in isolation, we argue that effective diagnostic systems must integrate
simulation realism, preprocessing transparency, and runtime pragmatism. By bringing these
dimensions together, this dissertation lays the groundwork for gaze-based screening tools
that are clinically meaningful, grounded, and scalable in practice.

I envision a future where subtle behavioral signals like gaze patterns while texting, scrolling
through social media, quietly inform systems that support our health. Eye tracking, once
limited to labs, will be embedded into everyday devices like smartphones, enabling con-
tinuous, low-burden monitoring. A brief hesitation, altered fixation, or change in viewing
behavior could trigger an early alert or silent referral, prompting care before symptoms are
even noticed. These systems will not replace clinicians but will extend their reach—bringing
preventive diagnostics into daily routines. By integrating vision health into the technologies
we already use, gaze-based systems could shift age-related vision loss from inevitable de-
cline to manageable change. This thesis is an early step toward that future—one where early
detection is seamless, privacy-respecting, and deeply embedded into how we live.

Beyond the scope of vision health, the methodologies and insights developed in this work
extend to other areas of preventive care, behavioral diagnostics and beyond. Gaze data is
inherently passive, privacy-preserving, and rich in cognitive and perceptual signals. As health-
care systems continue to shift toward proactive, data-driven models, gaze-based technologies
hold potential not only for detecting visual decline but also for supporting broader cognitive,
neurological, and interaction-based monitoring.

In closing, this work contributes to the design of future health technologies that are embed-
ded, adaptive, and human-centered. By demonstrating that subtle changes in gaze behavior
can reveal meaningful health information, we offer a new perspective on how everyday
interactions can be transformed into diagnostic opportunities. This is a step toward making
preventive healthcare more accessible, more intelligent, and ultimately, more personalized.
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Table 7.1: Clarification of contributions for all publications that contributed to this thesis.

My Contribution

Contribution of Co-authors

[85]

[86]

[84]

[81]

[83]

[82]

[79]

| was the first author of the publication and led
the writing. | collaborated with Sven Mayer
to develop the study design and doing the
analysis.

| was the first author of the publication and led
the writing. | collaborated with Sven Mayer
to develop the study design and doing the
analysis.

| was the first author of the publication and led
the writing. | collaborated with Sven Mayer
to develop the study design and doing the
analysis.

| led the project and was the first author of
the resulting publication. I led the writing and
collaborated on the initial idea.

| led the project and was the first author of
the resulting publication. | led the writing, liter-
ature review, collection of datasets, analysis
and collaborated on the initial idea.

| led the project and was the first author of
the resulting publication. | led the writing, col-
lection of dataset, implementing and running
analysis and collaborated on the initial idea.

| was the project lead and first author of the
resulting publication. | conducted the final
data analysis, led the study design, and led
the writing.

Sairam Yadla implemented the VR visualiza-
tions and conducted the study as part of his
Bachelor’s thesis.

Sairam Yadla implemented the VR visualiza-
tions, conducted the study and did the initial
analysis as part of his Bachelor’s thesis.

Tobias Daniel implemented the VR visual-
izations, conducted the study and did the
initial analysis as part of his Master’s the-
sis. Fabian Kahmann implemented additional
the VR rooms, implemented the spawning
of items, and conducted the study as parto
of his Bachelor's thesis. Yannick Weiss co-
supervised both Tobias Daniel and Fabian
Kahmann and contributed to the writing.
Henrike Weingartner contributed to the writ-
ing and visualizations. Sven Mayer con-
tributed to the initial ideation and writing.
Henrike Weingartner contributed to the liter-
ature review, writing and visualizations. Sven
Mayer contributed to the initial ideation, anal-
ysis and writing.

Henrike Weingartner contributed to the writ-
ing and visualizations. Sven Mayer con-
tributed to the initial ideation, analysis and
writing.

Alexandra Sipatchin contributed to the writ-
ing and provided the dataset. Siegfried Wahl
provided the dataset. Tonja Machulla was pro-
viding the research environment and advis-
ing. Lewis Chuang contributed to the writing,
ideation, and was providing the research en-
vironment. Thomas Kosch contributed to the
ideation, the analysis and to the writing.
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APPENDIX

Author(s) Task Method Detector
Qian et al. [200] Visual Search Sequence Interpolate Missing Data
Oliveira et al. [180]  Visual Search Interpolation Missing Data
Kinnunen et al. Video Watching Interpolation Tobii Studio
[121]

Li et al. [152] Game Aggregate Missing Data
Nakano and Ishii Wizard of Oz Aggregate or Split Missing Data
[174]

Veneri et al. [263] Visual Search Interpolate Missing Data
Mufioz et al. [173] Game Remove Missing Data
Owens et al. [186] Semantic Search Remove Missing Data
Broz et al. [35] Holding a Conversation Remove Missing Data
Babiker et al. [14] Audio Stimuli Interpolate Missing Data
Bekele et al. [25] Virtual Reality Remove Missing Data
Ishii et al. [108] Holding a Conversation Aggregate or split Missing Data
Onorati et al. [182] Holding a Conversation Reconstruct Missing Data
Yekhshatyan and Driving Simulator Interpolation Missing Data
Lee [282]

Dechterenko and Visual Search Remove Pupil Size
Lukavsky [58]

Gwizdka [90] Visual Search Average Missing Data
Mclntire et al. [162] Screen Watching Imputation Missing Data
Stuart et al. [246] Free Viewing Interpolate 0, 0 coordintes
Tien et al. [254] Visual Attention Interpolation Missing Data
Cole et al. [48] Visual Search Imputation Missing Data
Rosa et al. [212] Video Watching Remove / Interpolate Missing Data
Tagkin and Gok¢cay Game Interpolate Missing Data
[252]

Bekele et al. [24] Social Task Interpolate Missing Data
Romberg et al. [211] Free Viewing Aggregate Missing Data
Bodala et al. [29] Driving Simulator Extrapolate Missing Data
Fajnzylber et al. Video Watching "filtered" Missing Data
[64]

Gavas et al. [73] Memory Task Interpolate Missing Data
Hutt et al. [103] Learning WEKA Missing Data
Jercic et al. [110] Game Interpolate Missing Data
Merenda et al. [164] Driving Simulator Imputation Missing Data
Ojha et al. [179] Reading Interpolate Missing Data
Raisi and Ediris- Video Watching WEKA Missing Data
inghe [204]

Zaid et al. [284] Manual Task Ignore Missing Data
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Brambilla et al. [31]
Greiter et al. [78]
Jia et al. [112]
Krieger et al. [130]
Merenda et al. [165]
Morales et al. [170]
Appel et al. [9]
Couceiro et al. [49]
Gunawardena et al.
(88]

Huang and Bulling
[102]

Karthik et al. [115]
Korotin et al. [127]
Saluja et al. [216]
Sinha et al. [231]
Zhu et al. [291]
Aftab et al. [2]
Bafna et al. [15]
Dan et al. [55]
Ioannou et al. [106]
Keshava et al. [119]
Koskinen and Bed-
narik [128]

Li et al. [149]

Li et al. [151]
Subburaj et al. [247]
Zhou et al. [289]
Zhu et al. [290]
Abdrabou et al. [1]
Aftab et al. [3]
Bixler and D’Mello
(28]

Hettiarachchi et al.
[95]

Jun et al. [114]

Li et al. [150]

Pillai et al. [196]
Vrzakova et al. [265]
Wang et al. [269]
Zahabi et al. [283]
Arefin et al. [10]
Hirzle et al. [97]
Khan et al. [120]
Malladi et al. [159]
Qin et al. [201]
Simione et al. [230]
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Free Viewing

Go/NoGo

Free Viewing
Watching Video
Driving Simulator
Video Watching

Game

Programming / Coding
Surgical Intervention

Input Method

Visual Search
Game

Reading

Reading

Free Viewing

Input Method
Typing Task

Visual Search
Programming / Coding
Align Objects in VR
Operate Joystick

Free Viewing
Target Tracking
Game

Driving Simulator
Input Method
Typing Task
Driving Simulator
Free Viewing

Game

Drone Flying
Learning

Driving Simulator
Video Watching
Driving Simulator
Driving Simulator
Visual Discriminaton
Virtual Reality
Video Watching
Free Viewing

VR Task

Free Viewing

Interpolation / Remove
Interpolation

Only Clean Data
Remove

Imputation
Interpolation
Interpolate / Remove
Resampling

Remove

Interpolation

Replace
Interpolation
Interpolation
Interpolation
Remove / Replace
Interpolation
Interpolation
Interpolation
Interpolation
Interpolation
Interpolation

Imputation
Interpolation
Imputation
Interpolation
Interpolation
Remove
Interpolation
Winsorization

Interpolation

Remove
Interpolation
Moving Window Infilling
Remove
Interpolation
Approximated
Remove
Interpolation
Remove
Interpolation
Interpolation
Remove / Interpolate

Missing Data
Missing Data

Noise / Tracking Loss
Tobii Eye Tracker
Missing Data
EyeLink Parser
Missing Data
Missing Data
Missing Data

Missing Data

Missing Data
Missing Data
Missing Data
Missing Data
Missing Data
Missing Data
Missing Data
Missing Data
Missing Data
Missing Data
BeGaze Parser

EyeLink Parser
Missing Data
Missing Data
Missing Data
Missing Data
Missing Data
Missing Data
Missing Data

Missing Data

Missing Data
Missing Data
Missing Data
Missing Data
Missing Data
Missing Data
Missing Data
Missing Data
Missing Data
Missing Data
Missing Data
Missing Data



Souchet et al. [238]  Stroop task Tobii Pro I-VT software Missing Data

Stein et al. [242] VR Task Extrapolate Missing Data
Wang et al. [272] Questionaire Infill with 0 Missing Data
Zheng et al. [288] Driving Simulator Interpolation Missing Data
Zheng et al. [287] Input Method Interpolation Missing Data
Zhu et al. [292] Driving Simulator Interpolation Missing Data

Table A.1: Overview of the 81 papers that reported on how they dealt with missing data, listed
from the oldest to the newest (and alphabetically for authors from the same year)
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