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Fig. 1. Overview of our approach to evaluating participant data quality in crowdsourced webcam-based eye
tracking during Al interviews. Behavioral and device-related factors predict data quality, and an ordered
logistic regression (OLR) model is used to estimate the probability of different quality grades. Visuals were
generated using GPT-5.3 and refined by the authors.

Webcam-based eye tracking is a cost-effective, scalable method for remote research that effectively reaches
broader populations. However, uncontrolled environments and hardware diversity lead to inconsistent data
quality in crowdsourcing. To assess current practices, we conducted a scoping review of crowdsourced
eye-tracking from 2011-2025. The review confirms fragmented reporting and a lack of established quality
benchmarks. To address this lack of predictive insight, we conducted a case study on Al fairness interviews
(N = 205) using the RealEye platform. Applying Ordered Logistic Regression (OLR) to the platform’s quality
metric, we found that behavioral and technical factors significantly predict data quality. Specifically, within
the RealEye platform, higher fixation counts, shorter sessions, and operating system choice yield significantly
higher quality grades. Based on this review and platform-specific predictive insights, we provide actionable
recommendations to enhance the reliability, transparency, and replicability of future crowdsourced webcam
eye tracking in HCI and behavioral science.
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1 Introduction

Webcam-based eye tracking is a low-cost and scalable method that has democratized eye-tracking
and behavioral research [James et al. 2025; Patterson et al. 2025; Prystauka et al. 2024; Van der
Cruyssen et al. 2024; Vos et al. 2022; Yang and Krajbich 2021]. By leveraging participants’ consumer
webcams, it enables remote studies and access to diverse populations [Bertrand and Chapman
2023; Huang et al. 2018], extending the reach of research beyond the laboratory. Despite advances
in webcam eye trackers, researchers still lack a systematic understanding of the reliability of
crowdsourced webcam gaze data. Recent studies have reported inconsistent sampling precision
and calibration stability across different hardware configurations [Heck et al. 2023; Patterson et al.
2025].

Unlike infrared (IR) eye trackers, webcam-based methods operate under uncontrolled condi-
tions [Banki et al. 2022; Semmelmann and Weigelt 2018]. Variations in lighting [Yang and Krajbich
2021], camera quality [Kim et al. 2017], hardware performance [Thilderkvist and Dobslaw 2024],
and participant behavior [Kandel and Snedeker 2025] introduce noise that reduces spatial and
temporal precision [Gagné and Franzen 2023; Juantorena et al. 2023; Thilderkvist and Dobslaw
2024]. Gaze estimates can lag by about 300 milliseconds (ms) relative to IR benchmarks [Slim and
Hartsuiker 2023] and vary in sampling frequency or positional accuracy across devices [Ribeiro
et al. 2023].

However, prior research has rarely quantified how participant behavior and device configura-
tion affect data reliability. Individual studies have evaluated specific factors such as head move-
ment [Sharafi et al. 2020; Thilderkvist and Dobslaw 2024] and screen distance [Juantorena et al.
2023], but few have statistically modeled these effects, particularly for commercial platforms like
RealEye'. Without such a predictive framework, researchers cannot proactively identify or mitigate
reliability issues in remote eye-tracking data, thereby limiting progress toward robust, replicable
findings. Although our empirical analysis uses data provided by the RealEye platform, the factors
we examine, such as fixation count, test duration, and operating system, are not specific to RealEye.
Rather, they reflect general challenges of unsupervised, crowdsourced, webcam-based eye tracking,
and our findings can help researchers understand the factors that influence data quality in such
settings. To structure this research, we investigate the following research questions (RQs):

RQ1. What methodological and validation practices have defined the development of
webcam-based and crowdsourced eye-tracking research?

RQ2. Which behavioral and technical factors predict data quality in crowdsourced
webcam-based eye-tracking?

We address these questions through a scoping review of webcam-based and crowdsourced eye-
tracking research from 2011 to 2025 and an empirical analysis of participant-level data quality. The
review identifies three research areas: system development, validation, and application. Additionally,
it highlights research gaps in quality reporting and predictive modeling. Our empirical analysis uses
data from 205 participants in an artificial intelligence (Al) fairness interview study on the RealEye
platform. Using ordered logistic regression (OLR), we investigated how behavioral and technical
factors predicted the quality of gaze data. We chose this setting because Al interviews are a socially
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interactive and attention-demanding task that mirrors realistic webcam-based interactions. This
makes them a suitable context for evaluating data quality under unsupervised conditions. To our
knowledge, this study is the first to combine a scoping review with an empirical, crowdsourced
eye-tracking analysis in the emerging field of Al fairness.

Our findings show that webcam gaze data quality varies systematically rather than randomly.
A higher total number of detected fixations per participant session and shorter test durations are
associated with better data quality, and device-related factors also contribute significantly. These
insights help refine guidelines for study design, participant screening, and data quality assessment,
advancing methodological understanding of webcam-based eye tracking. To this end, we make two
contributions:

Survey. We conduct a scoping review of crowdsourced webcam-based eye-tracking research
across tasks, platforms, and validation methods. The review summarizes reported accuracy
and data-loss measures, outlines current approaches, and identifies gaps in methodological
transparency.

Empirical. We present empirical evidence on factors influencing data quality in crowdsourced
webcam-based eye-tracking. Using OLR on a crowdsourced social perception dataset (N
= 205), we evaluate the relationship between behavioral and technical variables and the
likelihood of obtaining high-quality gaze data.

2 Related Work

Eye tracking has been applied across extended reality (XR), mobile, and webcam-based platforms,
each of which poses distinct methodological challenges. Recent reviews highlight advances in gaze
estimation, interaction design, and data analysis driven by low-cost sensors and deep learning [Ad-
hanom et al. 2023; Bozkir et al. 2025; Katsini et al. 2020; Lei et al. 2023; Plopski et al. 2022]. However,
they also note persistent issues with calibration reliability, data noise, and inconsistent reporting in
unconstrained settings.

Methodological standards. Prior reviews have proposed guidelines for designing and reporting eye-
tracking studies, emphasizing consistent calibration, transparent exclusion criteria, and standardized
quality metrics [Blascheck et al. 2014; Carter and Luke 2020]. Building on this, Patterson et al.
[2025] examined webcam-based and crowdsourced studies, identifying fragmented reporting and
recommending structured documentation of sampling rates, calibration accuracy, and exclusion
thresholds. Similar issues appear in XR and mobile research, where studies report trade-offs between
scalability and precision and recurring concerns about privacy and robustness [Bozkir et al. 2025;
Lei et al. 2023]. Altogether, these works underscore the need for standardized reporting frameworks
to improve transparency and facilitate future cross-platform comparability.

System comparisons. Empirical comparisons between webcam-based and IR eye trackers reveal
well-known issues, including spatial inaccuracy and calibration instability [Shehu et al. 2021].
Although deep learning has improved estimation robustness, webcam systems still face limitations
in temporal precision and participant non-compliance [Patterson et al. 2025; Vos et al. 2022].
Most reviews remain descriptive, focusing on hardware or algorithmic performance rather than
quantifying how behavioral or contextual factors influence data reliability.

Research gap. Despite rapid methodological progress, validation and reporting practices have
not kept pace. Existing reviews focus mainly on system accuracy and hardware performance, but
rarely examine how behavioral and technical factors jointly shape webcam-based gaze data quality.
As a result, reproducibility remains limited, and cross-platform benchmarks are still missing. To
begin addressing this gap, we combine a scoping review with an empirical modeling analysis. The
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review summarizes current methods, validation strategies, and applications in webcam-based and
crowdsourced eye tracking. The modeling analysis uses an existing RealEye dataset to explore
how participant behavior and device factors relate to data quality, o ering a rst step toward more
general, platform-independent models.

3 Scoping Review

To addresRRQ1, we searched Google Scholar for publications from 2011 to 2025. We used the
query crowdsourcing AND (eye tracking OR eye movement OR gaze ) AND webcam AND
(data quality ). We did not restrict venues to avoid bias toward a single community, as webcam-
based eye tracking spans human-computer interaction (HCI), psychology, computer vision, and
marketing. We began with ve survey papers as seed articles [Bozkir e2@25; Katsini et aR020;
Patterson et al2025; Plopski et a022; Shehu et 22021] and extended the set with backward and
forward citation chasing. The database search identi ed 169 records. After removing duplicates
(n=6), 163 unique records were screened as presented in Figure 2a, and 40 papers met the inclusion
criteria. Figure 2b summarizes the identi cation, screening, and inclusion process. We included
peer-reviewed, English-language studies on webcam-based or crowdsourced eye tracking that
reported empirical ndings or methodological evaluations. We excluded theses, editorials, position
papers, tool-only notes, and non-English articles. Two researchers independently screened titles
and abstracts and assessed full texts when necessary. Inter-rater reliability for screening decisions
was substantial (Cohen’s = 0"78. Disagreements were resolved through discussion, resulting in a
nal set of 40 included studies.

(a) Publications returned by the scoping review quergb) PRISMA flow diagram of study identification
(2011 2025). and screening.

Fig. 2. Overview of the scoping review process. (a) Number of publications returned by the query. A er
merging and removing duplicates, 163 unique records were screened and 40 studies were included. (b) PRISMA
flow diagram of study identification, screening, and inclusion.

Our scoping review led to the identi cation of three main research directions that trace the
development of webcam-based and crowdsourced eye-tracking researdieftipdology , which
focuses on developing and improving the technology; Y2a)idity , which establishes empirical
trustworthiness through comparison with laboratory-based systems; and\#lication , which
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applies webcam- and crowdsourced eye-tracking approaches to investigate behavioral, cognitive,
and other research questions across di erent application domains.

3.1 Methodology

This line of research develops the core infrastructure for low-cost and webcam-based eye tracking.
Across the literature, three major directions emerge: $¥¥tem and algorithm development
(2)dataset contribution , and (3)calibration and pipeline improvement . These advancements
reduce the costs and expertise required for traditional eye-tracking setups, enabling scalable studies
to be conducted outside laboratory environments.

System and algorithm developméviethodological work primarily focuses on systems and
algorithms that enable scalable webcam-based gaze tracking. There are two main approhcas:
webcam eye tracking andattention proxy methods . Early work that useslirect webcam eye
trackingincludes TurkerGaze [Xu et 82015], which demonstrated crowdsourced gaze collection via
Amazon Mechanical Turk, while WebGazer.js [Papoutsaki e28lL6] introduced an open-source,
browser-based library for real-time gaze estimation using implicit calibration. WebGazer has since
been integrated into experimental frameworks like jsPsych [James.&tG#5; Juantorena et.al
2023; Ribeiro et a023; Vos et aR022; Yang and Krajbich 2021] and Gorilla [Bogdan e2624;
Prystauka et al2024]. SearchGazer [Papoutsaki et28117] extended this approach for search
tasks, improving drift correction through implicit interactions. Other webcam systems include
UnitEye [Wagner et al2024] for 3D environments and Raspberry Pi based deep-learning gaze
predictors [Panja et al. 2025]. In contrastitention Proxy Methodsuich as BubbleView [Kim et al.
2017], FocalVid [Shaghaghi et 2D25], and TurkEyes [Newman et &020] approximate visual
attention via mouse clicks or paths, providing scalable alternatives when webcam tracking is
unavailable or privacy-sensitive.

Dataset contributionA second key direction involves building datasets for training, validation,
and benchmarking of remote eye-tracking and attention models. Such datasets support deep-
learning development and enable performance evaluation across diverse hardware and participants.
WebQAmGaze [Ribeiro et a2023] provides a multilingual webcam reading dataset collected
with WebGazer and validated against EyeLink lab data. CrowdEyes [Othman 20&l] uses a
low-cost head-mounted webcam and crowdsourcing via CrowdFlower to gather large-scale pupil-
localization and xation-tagging data, extending algorithm training beyond laboratory settings.
BubbleView [Kim et al2017] and TurkEyes [Newman et.&020] similarly contribute crowdsourced
attention maps and annotation framewaorks, serving as both datasets and experimentation platforms.
Altogether, these e orts establish the empirical foundation for testing and re ning webcam-based
gaze estimation methods.

Calibration and pipeline improvemeRne crucial step toward robust webcam eye tracking is
developing calibration methods that are both reliable and user-friendly. Recent research focuses
on improving e ciency and personalization to mitigate the noise and variability inherent in
real-world webcam data. For example, fast-PACE [Huang €2@18] builds on the Personalized
Auto-Calibrating Eye-tracking (PACE) framework, which adapts gaze estimation automatically
from natural user interactions such as clicks or typing, thereby reducing the need for explicit
calibration. Saxena et gJ2022] evaluate streamlined calibration tasks, including brief pursuit
routines and device-distance estimation, showing that shorter procedures can maintain accuracy
while minimizing participant e ort. Overall, these studies demonstrate that adaptive and lightweight
calibration strategies are essential for making webcam-based eye tracking both accurate and
practical beyond laboratory settings.
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3.2 Validity

This line of research evaluates the empirical validity of webcam-based eye tracking by comparing its
performance with laboratory-grade systems. Three main validation levels emergeygiem-level,
assessing technical and measurement equivalencéagR}level , testing behavioral and cognitive
replicability; and (3)procedural-level , de ning best practices for reliable data collection under
uncontrolled conditions.

System-level validatioisystem-level studies compare webcam-based eye trackers with laboratory-
grade IR systems such as EyeLink and Tobii to assess technical performance [Asgha?i& 2|
Hammond and Wang 2023; Kaduk et 2024; Patterson et &2025; Slim and Hartsuiker 2023; Vos
et al 2022]. Three main limitations were identi ed: spatial inaccuracy, limited temporal precision,
and systematic bias. Webcam eye trackers typically show spatial errors of ébdot4s [Asghari
et al 2022; Kaduk et aR024; Patterson et .&025; Vos et a022], and sampling rates of 12 30 Hz
restrict the detection of rapid eye movements compared with 100 1000 Hz in IR systems. They also
exhibit centering bias, for example, gaze clustering near the screen center, and vertical compres-
sion, for instance, underestimation along the y-axis due to head motion, lighting variation, and
geometric distortion [Kaduk et a024; Slim and Hartsuiker 2023; Vos et28122]. Although convo-
lutional neural network (CNN) based models can reduce errors to abgtt [Asghari et al 2022],
they cannot fully overcome the hardware and environmental constraints of consumer webcams.
Nonetheless, strong correlations between webcam- and lab-based gaze trajectories, Arotthd
to "9 [Kaduk et al 2024; Slim and Hartsuiker 2023; Vos et20122], support webcam-based tracking
for attentional and area-of-interest (AOIs) analyses. Overall, these ndings de ne the technical
boundaries within which webcam eye tracking produces valid behavioral data and motivate our
analysis of factors predicting data quality in crowdsourced settings.

Task-level validationThis type of validation evaluates whether webcam-based eye tracking
can reproduce well-known behavioral and cognitive e ects. Across visual attention, language
comprehension, and early cognitive development, webcam tracking replicates established gaze pat-
terns, including predictive attention, novelty responses, and real-time language processing, though
with smaller e ect sizes (40 60% of laboratory results) and temporal delays of 200 700 ms [Banki
et al 2022; Bogdan et a2024; Prystauka et a2024; Slim and Hartsuiker 2023; Swanson et al
2024; Van der Cruyssen et &024; Vos et aR022]. Van der Cruyssen et.§2024] reproduced
three classic gaze e ects, and Vos et[2i022] replicated verb-aspect processing with only a 50 ms
delay. Emotion attention [Bogdan et ak024] and infant looking-time [Banki et a2022] studies
con rm broader applicability despite lower spatial precision. Overall, webcam tracking yields valid
behavioral measures when analyses target larger AOIs or sustained xations.

Procedural-level validatioithis level of research explores how procedural factors, including
calibration routines, participant guidance, and recruitment quality, impact data reliability in un-
controlled online environments. Patterson et f2025] highlighted that transparent reporting of
calibration thresholds, sampling-rate criteria, and participant instructions is essential for replicable
webcam-based eye tracking. Likewise, Uittenhove ef2022] compared online and laboratory data
collection and found that most data loss arises from participant non-compliance and sample quality
rather than the testing environment itself. They reported that remote testing introduces only a small
decrease in quality and recommended oversampling by about 20% while prioritizing participant
screening procedures. These studies de ne procedural standards that improve the reliability and
reproducibility of large-scale webcam-based eye-tracking research.
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Despite this progress, it remains unclear which participant- and context-level factors most
strongly predict data quality. Our study addresses this gap by modeling how behavioral and
technical factors in uence data reliability in crowdsourced webcam eye-tracking settings.

3.3 Applications

Research on webcam-based eye tracking demonstrates its use for studying attention, cognition,
and behavior across three main domains: &itention and interface studies , which examine

user engagement and visual saliency; ¢@gnitive and linguistic research , which adapt classic
experimental paradigms to online settings; and @&cision-making and behavioral economics ,

which analyze how gaze dynamics in uence attention and choice in complex decisions.

Attention and interface studie&.major application of webcam-based eye tracking is under-
standing how people attend to and interact with digital interfaces. Bertrand and Chapman [2023]
examined gaze cursor coordination during on-screen interaction, while Chen-Sankey. §2@23]
analyzed how young adults view e-cigarette marketing materials in realistic web environments.
James et a[2025] demonstrated that classic attention paradigms can be replicated online, support-
ing behavioral research despite spatial precision limits. In accessibility research, Edughele et al
[2022] reviewed gaze-based assistive systems that enable communication and interface control
for individuals with motor impairments. Singh et a]2023] introduced the multimodadEngageNet
dataset to model user engagement in online learning, and Katsaounidou 2025] developed
the iMediusframework to monitor attention to online news and misinformation. Haveriku et al
[2025] further showed that eye-movement features enhance linguistic prediction and cross-lingual
generalization. In sum, these studies demonstrate how webcam-based eye tracking supports diverse
applications in interaction, accessibility, media, and language research.

Cognitive and linguistic researdVebcam-based eye tracking is also applied in cognitive and lin-
guistic research. Juantorena et fl023] used a web-based prototype for the anti-saccade task, show-
ing that inhibitory control and reaction-time e ects can be measured reliably online. Thilderkvist
and Dobslaw [2024] investigated how programmers read and comprehend source code, nding
that gaze patterns and reading linearity di er from natural language and reveal distinct cognitive
strategies. Yuksel Elgin and Elgin [2025] investigated how simulated visual eld de cits a ect
information processing, showing that vision loss increases cognitive load and reduces compre-
hension through altered gaze behavior. These studies show that webcam-based methods enable
remote investigation of executive control, comprehension, and information processing, extending
cognitive and linguistic research beyond the laboratory.

Decision-making and behavioral economidsbcam-based eye tracking revedlsw people
make decisions by capturing gaze dynamics as choices unfold. Yang and Krajbich [2021] found
that longer and more frequent xations predict choices and signal decision con ict, supporting
the Attentional Drift Di usion Model (aDDM), which posits that attended information receives
greater weight. Bertrand et a[2023] reported that harder choices elicit longer viewing times
and more dwells. Wong [2023] showed that positive versus negative framing of supplier quality
shifts attention and purchasing decisions, with gaze mediating this e ect. Similarly, Sarvi.et al
[2025] observed that visually distinct items attract earlier and longer xations, linking saliency to
consumer preference.

While prior application research has used webcam-based eye tracking across behavioral domains,
few studies have examined participant-level data quality in these settings. Using data from an
Al interview experiment, we model behavioral and technical factors that predict webcam gaze
reliability in real-world conditions.
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