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Preface

It is our great pleasure to present the proceedings of Gaze4NLP: The International Workshop
on Eye-Tracking Resources and Evaluation for Human-Aligned NLP, held on May 12, 2026, in
Palma de Mallorca, Spain, as part of the 2026 International Conference on Language Resources
and Evaluation (LREC2026).

The first Gaze4NLP workshop (International Workshop on Gaze Data and Natural Language
Processing) was held on September 12, 2025 in Varna, as part of RANLP (Recent Advances
in Natural Language Processing). This second edition again brought together researchers from
diverse backgrounds to discuss advances in the field, eye-tracking resources and evaluation
methods for human-aligned NLP.

Each paper in the proceedings was reviewed by at least two members of our program committee.
The contributions cover a wide range of topics, including:

• using gaze for machine translation evaluation;

• part-of-speech data to study individual differences in reading Portuguese;

• analysing the relationship between visual perception and language production;

• analysing a low-resource language eye-movement corpus in Arabic;

• tracking facial expressions and eye-contact in VR environments;

• conducting automatic text simplification using eye-tracking measures in English;

• evaluating the impact of text simplification in French;

• comparing mouse and eye tracking in reading Romanian texts; and

• estimating on-screen gaze location using mouse data.

The organizers also present a survey of research on incorporating gaze data in NLP models
and applications.

We would like to express our gratitude to the authors for their high-quality submissions and to
the program committee members for their contributions to the reviewing process.

Cengiz Acartürk, Burcu Can, Jamal Nasir and Çağrı Çöltekin
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Eye Tracking for Machine Translation Quality Evaluation

Natalia Glazyrina, Ondřej Bojar
Charles University, Faculty of Mathematics and Physics, Institute of Formal and Applied Linguistics

Prague, Czech Republic
nglazyrinav@gmail.com, bojar@ufal.mff.cuni.cz

Abstract
Eye tracking offers unique insights into cognitive processes, making it a promising tool for evaluating machine
translation (MT). This study explores the feasibility of using an iPhone 12 camera-based eye tracker with a 14-inch
laptop display for conducting translation evaluation in personal workspaces, offering a more accessible and
cost-effective alternative to traditional setups. Participants evaluated source sentences, selected translations, and
identified problematic words while their gaze metrics were recorded and analyzed. Our findings reveal statistically
significant correlations between gaze patterns and preferred translations, as well as increased visual attention to
problematic words. These results demonstrate that home-based eye tracking systems are technically sufficient
for capturing gaze behavior accurately enough for MT evaluation purposes. A potential practical application is to
speed up translation proof-reading using eye tracking technique to automatically mark portions of text that should be
attended to and improved based on the gaze pattern during a quick reading.

Keywords: eye tracking, machine translation, correlation, fixation, saccade

1. Introduction

Human evaluation of machine translation (MT) qual-
ity remains a crucial aspect in the advancement
of translation technology. However, the subjec-
tivity inherent in human judgment poses a chal-
lenge in achieving a reliable and consistent assess-
ment. In recent years, eye tracking technology
has emerged as a promising tool to delve into the
cognitive processes that underlie translation evalu-
ation (Stymne et al., 2012; Sajjad et al., 2016). By
capturing individuals’ reading patterns during the
evaluation of translation options, eye tracking pro-
vides insights into the linguistic cues that influence
decision-making, such as incorrect word order, mor-
phological disagreement, and semantic ambiguity,
thus offering a more objective lens to complement
traditional subjective and self-reported evaluation
methods.

Previous studies have demonstrated the potential
of eye tracking in predicting the preferred translation
among multiple options (Sajjad et al., 2016; Doherty
et al., 2010) or machine translation error analysis
(Stymne et al., 2012). These investigations have
employed standalone eye tracking systems to mon-
itor participants’ gaze movements, revealing that
poorly translated text causes readers to frequently
jump back while reading, which serves as a measur-
able marker of processing difficulty. Furthermore,
research demonstrates that “bad” sentences re-
sult in significantly higher gaze times and fixation
counts compared to high-quality ones.

In this paper, we contribute to the evolving land-
scape of MT evaluation using an iPhone camera-
based eye tracking approach. This approach was
chosen over webcam-based due to gaze tracing
qualities revealed during the comparison of eye

tracking systems. Unlike conventional standalone
systems, this methodology offers a pragmatic alter-
native, avoiding the need for dedicated eye tracking
hardware and enabling broader accessibility. This
approach embraces real-world scenarios, where
users can employ their own devices for evaluation.
By lowering technical and financial barriers, this
method aims to democratize access to eye tracking
technology, allowing researchers and practitioners
to integrate cognitive insights into MT evaluation
without relying on specialized equipment. Such
an accessible solution has the potential to expand
the reach of eye tracking research to diverse, in-
cluding non-specialist, environments, making the
evaluation process more inclusive and practical.

Despite the broad use and advances in automatic
evaluation of machine translation, see e.g. Lavie
et al. (2025), human evaluation remains the gold
standard in the field of machine translation. Auto-
matic metrics, while scalable, often struggle to cap-
ture semantic nuances, stylistic consistency, and
the actual cognitive load experienced by a reader.
This enduring importance is evidenced by the an-
nual Conference on Machine Translation (WMT;
Kocmi et al., 2025), where human judgment serves
as the benchmark for validating the accuracy of
automated systems.

However, traditional human evaluation often
treats the translator’s or rater’s decision as a “black
box,” focusing on the final output rather than the
process. By integrating eye tracking, we can move
beyond simple preference scores to observe the
cognitive effort involved in processing translation
errors.

We implement an experimental design in which
participants are presented with a source sentence
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in English and two target candidate translations
in Russian. Participants are tasked with selecting
a better option, while also identifying problematic
words within the suboptimal choice.

To evaluate the efficacy of the approach, we
analyze the correlations between eye movement
metrics (such as fixation/saccade count and time
spent on each sentence) and participants’ transla-
tion choices. We hypothesize that the utilization of
an iPhone camera-based eye tracker can be used
to assess that correlation and to substantiate that
problematic words within suboptimal translations
are associated with a higher concentration of gaze
fixations and gaze saccades.

2. Related Works

Although human judgment remains the gold stan-
dard, as seen in the annual Conference on Machine
Translation (WMT),1 human evaluation is not with-
out flaws; it is resource-intensive and prone to high
inter-annotator variability and subjectivity (Graham
et al., 2013; Lommel et al., 2014).

To bridge the gap between automated scores
and subjective human ratings, researchers have
turned to eye tracking. The foundational assump-
tion of eye tracking is the “eye-mind hypothesis”
(Just and Carpenter, 1980), which suggests a link
between gaze fixation and cognitive processing of
linguistic content. Based on this theory, Doherty
et al. (2010) aimed to explore whether eye tracking
data can reflect the quality of MT output as rated by
human evaluators and whether eye tracking could
be used as a semi-automated tool for evaluating MT
quality. This study analyzed various eye tracking
metrics, including gaze time, fixation count, fixation
duration, and pupil dilation. The results indicated
correlations between eye tracking metrics and the
quality of MT output as rated by evaluators. Specif-
ically, “bad” sentences had longer gaze times and
more fixations compared to “good” sentences. The
duration of fixation and pupil dilation showed less
consistent correlations.

Building on this, Sajjad et al. (2016) utilized eye
tracking data to address the subjectivity and low
inter-annotator agreement often found in traditional
human judgments. The authors demonstrated that
specific reading patterns, such as the number of re-
gressions and the total reading time, effectively dis-
tinguish between high- and low-quality translations.
They found that combining eye tracking features
with BLEU scores (Papineni et al., 2002) yielded
promising results in predicting translation quality,
indicating that reading patterns capture more than
just fluency. This suggests that gaze data capture
cognitive nuances, such as semantic processing

1https://www.statmt.org/wmt25/

effort, that surface-level n-gram overlap metrics like
BLEU inherently overlook.

Furthermore, Bojar et al. (2016) investigated the
cognitive drivers of inter-annotator disagreement
within the WMT Shared Translation Task. Using a
high-precision EyeLink II tracker in a controlled lab-
oratory setting, the authors found that inconsistent
rankings often stemmed from specific error types
– mainly in translations that displayed high fluency
but low adequacy. Their gaze data revealed that
these “deceptive” translations caused significant
uncertainty and longer processing times. The study
also highlighted the cognitive burden of the source
text, noting that annotators focused more on source
sentences than references, which was expected be-
cause the participants were native speakers of the
target language but only second-language learners
for the source.

Despite the established benefits of eye tracking
metrics, their integration into large-scale MT eval-
uation has been hindered by a reliance on expen-
sive, lab-bound hardware. Lately, several studies
have compared webcam-based eye tracking sys-
tems with traditional in-lab systems, evaluating their
viability across different research domains. In psy-
cholinguistics, webcam-based systems have been
used to study language processing in naturalis-
tic environments, providing accessibility to diverse
populations and geographically dispersed partic-
ipants. For instance, Özsoy et al. (Özsoy et al.,
2023) investigated heritage language processing
using webcam-based eye tracking, demonstrating
that data collected in such settings was largely con-
sistent with in-lab systems. This approach facili-
tated the inclusion of heritage speakers who other-
wise might not have access to laboratory facilities.
Other studies have replicated psycholinguistic ef-
fects, such as the verb semantic constraint and lexi-
cal interference effects, using webcam-based track-
ing, confirming its ability to capture both robust and
subtle phenomena (Prystauka et al., 2023). Sim-
ilarly, a recent replication of a Visual World study
on verb aspect processing showed that webcam-
based eye tracking, even with off-the-shelf tools,
can achieve comparable results to infrared systems,
offering a cost-effective and accessible alternative
(Vos et al., 2022). These findings suggest that while
webcam-based systems can reliably replicate key
effects, careful attention must be given to factors
like calibration, lighting, and participant guidance
to ensure data quality.

Our work contributes to this shift by exploring the
efficacy of iPhone-based eye tracking specifically
for MT quality evaluation. By moving the experi-
mental environment from the controlled laboratory
to a home-based setting, we aim to lower the finan-
cial and technical barriers to high-quality, “process-
oriented” human evaluation. This approach not only
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democratizes access to cognitive data but also in-
troduces a new layer of quality control, allowing
researchers to filter human annotation based on
real-time cognitive engagement and attentional fo-
cus.

3. Methodology

3.1. Tool Selection
The experimental configuration was finalized after
a comparative pilot of webcam-based systems. We
initially evaluated jsPsych2 with the WebGazer.js
library. While jsPsych is a well-established tool
for behavioral experiments, it presented several
limitations. To validate the accuracy of each sys-
tem, we conducted a controlled reading task where
the researcher read the stimulus text slowly and
linearly, line-by-line. As shown in Figure 1, the re-
sulting gaze trace for the webcam-based system
was highly distorted and failed to follow the hori-
zontal progression of the lines. Furthermore, the
gaze coordinates collected during trial runs were
challenging to interpret, complicating the analysis.

Figure 1: jsPsych eye trace mapped on the screen.

Consequently, we selected Eyeware Beam for
data collection. This software supports high-
precision tracking via an iPhone 12 mini camera
(connected via USB) at a sampling rate of 90 Hz.
The iPhone-based approach was chosen over stan-
dard webcams due to its far more accurate map-
ping, demonstrated in Figure 2. The camera was
positioned horizontally at the base of a 14-inch lap-
top screen on the left side. Unlike previous studies,
the participants’ head positions were not fixed, and
the exact screen-to-eye distance was not rigorously
controlled. However, participants adhered to the
eye tracker’s recommended distance of approxi-
mately 50-60 cm.

3.2. Participants
Participants were recruited via convenience sam-
pling from a pool of graduate-level volunteers within

2https://www.jspsych.org/7.3/

Figure 2: Eyeware Beam eye trace mapped on the
screen.

a university environment. Participation was entirely
voluntary, and no financial compensation was pro-
vided. All participants were informed of the study’s
objectives and the nature of the eye tracking data
being collected prior to the start of the trial. For this
pilot study we recruited 8 participants (4 male, 4
female) with the following profiles:

• Language: Native Russian speakers with B2+
English proficiency.

• Age: 25–30 years

• Education: Graduate-level or higher.

• Vision: Normal or corrected-to-normal vision
(no glasses were worn during this specific trial
to ensure maximum tracker stability).

The experimental protocol was designed follow-
ing the principle of data minimization. The uti-
lized software processes the camera feed locally
in real-time to calculate gaze vectors. Crucially,
no raw video or photographic data of participants
was stored at any point during the study. The
exported data consisted exclusively of numerical
logs containing temporal markers (timestamps) and
spatial gaze coordinates relative to the screen.
Since no personally identifiable information (PII)
was linked to the gaze logs, the dataset is inher-
ently anonymized.

3.3. Research Materials
The test stimuli consisted of sentence pairs ex-
tracted from the WMT Metric Task (20213 and
20224) datasets.

• Structure: 10 distinct screen sets, each con-
taining 10 experimental screens.

• Layout: A standardized interface displaying
one English source sentence at the top and

3https://drive.google.com/drive/folde
rs/1TNIeXirfNMa6WV7LlS3Z51UxNNCgGcmS

4https://drive.google.com/file/d/1I0O
-NzOLCxrO6noub2pY81BtWxp42A46/view
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Figure 3: Example of the screen layout.

two candidate Russian translations (labeled “1”
and “2") below (see Figure 3).

• Calibration: A warm-up set was provided to
familiarize users with the interface, and calibra-
tion was verified at the start of each session
and after breaks.

3.4. Experimental Task and Procedure

Participants were asked to perform a dual-stage
evaluation task designed to capture both prefer-
ence and cognitive load:

1. Comparative Judgment: Participants read
the source and both translations, then selected
the superior candidate by clicking a corre-
sponding button. To prevent positional bias,
the order of the translation candidates was
randomized. Consequently, the ‘better’ trans-
lation appeared as either the first or second
option with equal frequency throughout the ex-
periment.

2. Error Span Identification: In the subopti-
mal translation, participants were instructed
to click on specific words or phrases they per-
ceived as problematic. This design follows
Maja Popović’s research (Popović, 2020) on
identifying challenging sentence segments in
machine translation, though no distinctions
were made between different types of errors
in this study.

To ensure data integrity, gaze data recorded dur-
ing the clicking action (identification phase) was
excluded from the cognitive load analysis. This al-
lows us to isolate the uninterrupted reading process
from the manual task of error marking.

3.5. Quality Control
A key contribution of this methodology is the use
of gaze data as a quality control layer. By analyz-
ing fixation density and saccadic movements, we
can identify “inattentive” trials where the participant
may have skimmed the text without full cognitive en-
gagement. This enables the exclusion of unreliable
human data that are typical for remote, home-based
annotation tasks.

4. Analysis

4.1. Gaze Data Post-Processing
For the extraction of fixations and saccades for
further analysis, a post-processing procedure was
employed on the collected data. Notably, the col-
lected traces exhibited a noticeable shift along the
y-axis, possibly attributable to inaccuracies in the
calibration process or head movement during the
experiment. This phenomenon is illustrated in Fig-
ure 4. Consequently, a manual adjustment was re-
quired, using a constant addition to the y-coordinate
across the entire trace for each screen. The modi-
fied, post-processed trace is shown in Figure 5.

It is worth noting that during the experiment a few
times participants misclicked on the “Next“ button
and accidentally skipped a screen without noticing
it. These occurrences were infrequent (5 times)
and pointed to drawbacks of the technical imple-
mentation of the experiment. Those 5 screens are
skipped in the analysis.

To analyze gaze behavior, we extracted fea-
tures related to gaze fixations and saccades us-
ing the Velocity-Threshold Identification algorithm
(Salvucci et al., 2000), with a velocity threshold set
to 100. This algorithm identifies fixations and sac-
cades based on point-to-point velocity. Our analy-
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Figure 4: Mapping of originally collected trace of
gaze.

Figure 5: Mapping of shifted along y-axis trace of
gaze.

sis includes two levels: word-level and sentence-
level.

4.2. Word-level Analysis: The Cost of
Errors

For the word-level analysis, we prepared two
datasets, each containing three features, where
each row represented data for a single screen and
participant:

1. Dataset 1: Number of identified problematic
words, number of fixations on these words,
and total number of fixations on the screen.

2. Dataset 2: Number of identified problematic
words, number of saccades on these words,
and total number of saccades on the screen.

In both datasets, we conducted correlation analy-
sis by calculating the Pearson correlation coefficient
(PCC) between the number of words marked as
problematic and the relative share of visual atten-
tion (fixations and saccades) those words received.

The scatter plots (Figures 6 and 7) illustrate these
relationships. While there is a high density of points
at low error counts, a clear upward trend is visible:

• Fixation Proportion: PCC=0.30 (p < 0.001)

• Saccade Proportion: PCC=0.44 (p < 0.001)

While the correlation coefficients indicate a low-
to-moderate relationship, they are highly statisti-
cally significant. The higher correlation for sac-
cades (0.44) suggests that problematic segments
do not merely cause the eye to linger; they are more
strongly associated with re-scanning behaviors as
participants repeatedly glance back at the source
sentence to check the original meaning whenever
they run into a problematic translation. This finding
implies that problematic words attract a dispropor-
tionate share of visual attention.

4.3. Sentence-level analysis: Predicting
Preference

For the sentence-level analysis, we derived the fol-
lowing features: number of fixations per sentence,
number of saccades per sentence, time spent on
each sentence. Using these features, we modeled
the participants’ final translation choice (Sentence
1 vs. Sentence 2) using both a Logistic Regres-
sion (LR) model for statistical significance and a
Decision Tree (DT) for behavioral interpretability.

4.3.1. Logistic Regression

The LR model was implemented using the
statsmodels library (Seabold and Perktold, 2010)
with default parameters, except for the maximum
iteration parameter, which was set to 100.

The model summary revealed time spent and fix-
ation counts on the second sentence as significant
predictors (p < 0.05) with the following coefficient
signs:

• Time spent on sentence 2: Negative

• Fixations/saccades on sentence 2: Positive

The coefficient signs reveal a “comparative pres-
sure” effect: an increase in time spent on Sen-
tence 1 significantly increases the probability of the
user choosing Sentence 2. This suggests that the
time metric captures the “struggle” to find meaning;
when one candidate is difficult to parse, the user’s
preference shifts to the alternative. Additionally, a
higher number of fixations or saccades on sentence
2 indicates tendency to choose that sentence.

4.3.2. Decision Tree Interpretation

To derive actionable thresholds for these behav-
iors, we trained a Decision Tree classifier (depth=3)
using scikit-learn library (Pedregosa et al., 2011).
Unlike the LR model, which provides a probability
gradient, the DT identifies the exact points in the
decision-making process.

The model’s Feature Importance (Table 1) indi-
cates that the decision-making process is primar-
ily driven by metrics associated with the second

5



Figure 6: Number of problematic words vs. fixation proportion. Pearson correlation coefficient 0.30.

Feature Importance
Time spent sentence 2 0.39
Saccades on sentence 2 0.32
Fixations on sentence 2 0.20
Saccades on sentence 1 0.08

Table 1: Feature Importance extracted from Deci-
sion Tree.

translation candidate. Specifically, time spent on
sentence 2 (39.1%) and saccades on sentence
2 (32.3%) were the most influential factors, while
metrics for sentence 1 provided significantly less
predictive power.

The tree structure (Figure 8) revealed highly in-
terpretable behavioral “thresholds.” For instance, a
specific path in the tree identified a high-certainty
node (Gini = 0.188) where a low number of sac-
cades (≤ 8.5) combined with a limited time invest-
ment (≤ 81 gaze units) on Sentence 2 led to a
consistent selection of that candidate. This sug-
gests that “fluency” – characterized by rapid, linear
processing – is a stronger predictor of preference
than simply the total amount of attention paid to a
sentence.

5. Discussion

The results of this pilot study suggest that iPhone-
based eye tracking is a viable, low-cost method for
capturing cognitive effort in MT evaluation. The
correlation found between visual attention – specif-
ically gaze duration and fixation counts – and the
final translation choice aligns with the “eye-mind
hypothesis“ (Just and Carpenter, 1980), suggest-
ing that participants spend significantly more time
processing suboptimal segments.

5.1. Asymmetry in Sentence Correlation
Interestingly, our analysis showed a stronger cor-
relation between visual attention to the “second“
translation candidate and the final choice than for
the first. We hypothesize that this asymmetry does
not reflect a lack of cognitive engagement with the
first sentence, but rather a limitation in our current
manual gaze-trace processing. Because the sec-
ond sentence is often the final piece of information
processed before a decision is made, the “recency
effect” may make its associated gaze data more
distinct.

5.2. Challenges in Home-Based
Calibration

Our home-based approach offers an alternative to
the traditional lab-based setup described in (Bojar
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Figure 7: Number of problematic words vs. saccade proportion. Pearson correlation coefficient 0.44.

Figure 8: The decision tree analysis (depth=3) showing behavioral thresholds for MT selection.

et al., 2016), which utilized a high-precision EyeLink
II tracker (250 Hz) and a chin rest to minimize noise.
While the lab setup performed calibration before ev-
ery screen and excluded data based on pupil size
and blinks (removing 30 ms around each blink),
our setup relied on an iPhone 12 mini (90 Hz) with
calibration at session starts and breaks. Regard-
ing trial exclusion, the lab study manually adjusted

areas of interest due to non-linear distortions, while
we excluded only 0.6% of screens due to technical
misclicks and applied a constant y-axis shift to cor-
rect for calibration drift caused by the lack of head
restraints. While the iPhone 12 mini provided suf-
ficient precision for broad sentence-level analysis,
the lack of head-restraints introduced “noise” during
manual processing. This highlights a critical trade-
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off: home-based environments offer higher acces-
sibility but require more robust, automated post-
processing scripts to handle natural head move-
ments and slight calibration drifts.

6. Conclusion

While this study serves as a preliminary proof-of-
concept, our findings suggest that eye tracking pro-
vides a ‘process-oriented’ layer that complements
the ‘black box’ of traditional direct assessment. Un-
like error span annotation (Kocmi et al., 2024),
which only identifies the location of a flaw, gaze
metrics - specifically saccade proportions - reveal
the re-scanning behavior, when annotators double-
check the source sentence when they encounter a
translation that is hard to follow. This allows us to
observe cognitive nuances, such as semantic pro-
cessing effort, that traditional automatic metrics like
BLEU or COMET inherently overlook. Furthermore,
while the current requirement for manual alignment
remains a technical bottleneck, the effort is justified
by the potential to use gaze data as a quality control
layer; this enables researchers to filter out ‘inatten-
tive’ trials where participants may have skimmed
the text without full cognitive engagement—a criti-
cal need for remote, home-based annotation.

6.1. Limitations and Future Work

While this study serves as a proof-of-concept for
the technical viability of mobile-based tracking, we
acknowledge that our participant pool was limited to
a convenience sample of eight volunteers. This ini-
tial trial focused on demonstrating the workflow and
technical feasibility rather than providing a large-
scale demographic analysis.

Future research will focus on:

• Scaling: Expanding to a larger, more diverse
group to validate the applicability of these met-
rics.

• Linguistic Diversity and Cross-Family
Pairs: Our current study focused exclusively
on an English–Russian language pair. Fu-
ture iterations should expand to non-Indo-
European languages, such as logographic sys-
tems (e.g., Chinese) or right-to-left scripts (e.g.,
Arabic). Investigating these diverse language
pairs will help determine if the cognitive metrics
identified here remain robust across different
orthographies and reading directions.

• Hardware: Exploring higher-frequency sen-
sors that could improve temporal resolution.
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Abstract 

Eye-tracking corpora have become valuable resources for understanding human reading behavior and developing 
cognitively-informed NLP models. However, existing resources predominantly focus on left-to-right Latin script 
languages, leaving a significant gap for morphologically rich, right-to-left languages like Arabic. This paper presents 
a cross-linguistic analysis of eye movement patterns using the AraEyebility corpus, the first Arabic eye-tracking 
corpus comprising 57,617 words read by 15 native speakers. We systematically compare gaze metrics across 
Arabic and established English corpora. Our analysis identifies distinct patterns in fixation and regression durations, 
reflecting the unique orthographic characteristics of Arabic: cursive script, diacritization, bidirectional reading (text 
right-to-left, numbers left-to-right), and morphological complexity. The findings indicate that Arabic readers exhibit 
relatively longer mean fixation and regression durations than English readers, suggesting higher cognitive 
processing demands. We discuss implications for developing cognitively-aligned NLP models and provide 
recommendations for future multilingual eye-tracking research. The AraEyebility corpus is publicly available to 
support Arabic NLP research. 

Keywords: eye-tracking, Arabic NLP, cross-linguistic analysis 

1. Introduction 

Eye-tracking technology has emerged as a 
powerful tool for investigating the cognitive 
processes underlying human reading. By 
capturing real-time gaze patterns, researchers 
can examine how readers process text at both 
word and sentence levels, providing insights that 
complement traditional linguistic analysis 
(Rayner, 1998). This connection between eye 
movements and cognitive processing, formalized 
in Just and Carpenter's (1980) eye-mind 
hypothesis, has motivated the development of 
eye-tracking corpora that serve as valuable 
resources for natural language processing (NLP) 
research. 

Several landmark eye-tracking corpora have been 
established for left-to-right Latin script languages. 
The Dundee Corpus (Kennedy et al., 2003) 
contains eye movement data from English and 
French newspaper reading. The GECO corpus 
(Cop et al., 2017) provides bilingual English-
Dutch reading data. The Provo Corpus (Luke and 
Christianson, 2017) and ZuCo (Hollenstein et al., 
2018, 2020) offer English reading data with 
predictability norms and combined EEG signals. 
Additional resources exist for German, 
Portuguese, Chinese, and Danish, enabling 
cross-linguistic investigations of reading behavior. 

However, a notable gap exists for Arabic, a 
morphologically rich language with unique 
orthographic properties that distinguish it from 
previously studied languages. Arabic is written in 
a cursive, right-to-left script; it uses diacritical 
marks (tashkeel) to indicate vowels; exhibits 
context-dependent letter shapes; and processes 

numbers left-to-right within right-to-left text. These 
characteristics suggest that Arabic reading may 
involve distinct cognitive demands that merit 
dedicated investigation. 

This paper addresses this gap by presenting a 
cross-linguistic analysis using the AraEyebility 
corpus, the first comprehensive Arabic eye-
tracking resource for NLP. We systematically 
compare eye movement patterns across Arabic 
and multiple other languages, examining how 
script-specific features influence reading 
behavior. Our contributions include: (1) the first 
systematic cross-linguistic comparison involving 
Arabic eye movement data; (2) quantitative 
analysis of how Arabic's orthographic properties 
affect gaze patterns; and (3) implications for 
developing cognitively-aligned Arabic NLP 
models. 

The remainder of this paper is organized as 
follows. Section 1 introduces the study. Section 2 
provides background on Arabic orthography and 
reading. Sections 3 and 4 review related eye-
tracking corpora and present the AraEyebility 
corpus, respectively. Section 5 presents the 
cross-linguistic analysis and results. Section 6 
discusses the findings and their implications for 
Arabic NLP and eye-tracking research, and 
Section 7 concludes the paper and outlines 
directions for future research. 

2. Background: Arabic Orthography 
and Reading 

2.1 Unique Properties of Arabic Script 

Arabic is a Semitic language with a distinct writing 
system and linguistic structure. It is commonly 
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classified into three categories: Classical Arabic 
(CA), Modern Standard Arabic (MSA), and 
dialects. CA includes the Holy Qur’an and early 
classical texts, while MSA, derived from CA, is 
used in contemporary formal writing such as 
books, newspapers, and digital media. In 
contrast, dialects are primarily spoken and vary 
across regions (El-Haj et al., 2015). 

Arabic orthography exhibits several properties 
that fundamentally differentiate it from Latin-
based writing systems and have direct 
implications for reading behavior. First, Arabic is 
written from right to left and consists of 28 
consonantal letters that change shape depending 
on their position within a word (initial, medial, final, 
or isolated). The script is inherently cursive, 
requiring letters to connect within words and 
resulting in continuous visual word forms that 
differ substantially from non-cursive scripts 
(AlJassmi et al., 2021; Paterson et al., 2015). 
Additionally, many Arabic letters are distinguished 
solely by the presence and placement of dots, 
increasing visual similarity across letter forms and 
adding further demands on fine-grained visual 
processing (Paterson et al., 2015). 

A third important feature is diacritization. Arabic 
diacritics (harakat) are supplementary marks 
placed above or below letters to indicate short 
vowels and other phonetic information. While 
these marks support disambiguation and 
pronunciation accuracy, they may also introduce 
additional visual complexity, potentially increasing 
fixation durations (Hermena et al., 2015). In 
practice, MSA texts are typically partially 
diacritized or undiacritized, requiring readers to 
rely on contextual and morphological cues for 
accurate interpretation. 

The morphological richness of Arabic further 
compounds processing demands. Arabic 
employs a root-and-pattern system in which most 
words are derived from three-consonant roots 
combined with different morphological patterns. 
Unlike concatenative morphology in languages 
such as English, this structure distributes 
semantic and grammatical information across the 
word, requiring readers to integrate information 
from multiple letter positions during lexical 
access. 

Finally, Arabic text exhibits bidirectionality when 
numbers are embedded within text. While Arabic 
words are read from right to left, numbers are 
processed from left to right. This shift in 
directionality within the same line introduces 
additional cognitive processing demands and has 
been associated with increased reading 
complexity and occasional inversion errors 
(Blanken et al., 1997). 

Taken together, these orthographic and linguistic 
properties suggest that, compared to English, 
Arabic reading involves distinct visual, linguistic, 

and cognitive processes, which are expected to 
be reflected in eye movement behavior. 

2.2 Eye Movement Characteristics in 
Arabic Reading 

Previous research has identified several ways in 
which Arabic reading differs from Latin language 
reading. The perceptual span, the region from 
which useful information is extracted during a 
fixation, extends asymmetrically to the left in 
Arabic (the direction of upcoming text), 
contrasting with the rightward asymmetry in left-
to-right languages (AlJassmi et al., 2021). Studies 
suggest that optimal viewing position in Arabic 
words tends toward the center, unlike the 
beginning-center position typical for English 
words, possibly reflecting morphological structure 
where root information is distributed across the 
word. 

Arabic's informational density creates additional 
processing demands. Research indicates that 
Arabic reading is more time-intensive than Latin 
language reading, with word identification 
presenting greater challenges (AlJassmi et al., 
2021). The impact of word frequency on skipping 
rates appears less pronounced in Arabic 
compared to English, suggesting different 
utilization of lexical information for reading 
decisions (AlJassmi et al., 2021). Furthermore, 
the bidirectional nature of Arabic text, where 
numbers are read left-to-right within otherwise 
right-to-left text, can introduce processing 
complications and occasional inversion errors 
(Blanken et al., 1997). 

3. Related Eye-Tracking Corpora 

Eye-tracking corpora have been developed 
across multiple languages, each contributing to 
our understanding of reading behavior. The 
Dundee Corpus (Kennedy et al., 2003) pioneered 
naturalistic eye-tracking data collection, recording 
10 native speakers reading English newspaper 
texts (56, 212 words) and 10 speakers reading 
French texts (52,173 words). This corpus enabled 
investigation of parafoveal-on-foveal effects and 
established benchmarks for eye movement 
research. 

The GECO corpus (Cop et al., 2017) expanded 
bilingual eye-tracking research by recording 
monolingual and bilingual readers navigating an 
English novel (54,364 words) and its Dutch 
translation (59,716 words). GECO provides 46 
pre-extracted gaze features and has become a 
standard resource for computational modeling of 
reading. The Provo Corpus (Luke and 
Christianson, 2017) focused on predictability 
effects, collecting data from 84 native English 
speakers reading brief paragraphs with 
associated cloze task norms. 

The ZuCo corpora (Hollenstein et al., 2018, 2020) 
are multimodal resources that combine eye-
tracking with EEG data, enabling the investigation  
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Corpus Language Words Participants Script Direction 

AraEyebility Arabic 57,617 15 Cursive RTL 

Dundee (EN) English 56,212 10 Non-cursive LTR 

Dundee (FR) French 52,173 10 Non-cursive LTR 

GECO (EN) English 54,364 14 Non-cursive LTR 

GECO (NL) Dutch 59,716 19 Non-cursive LTR 

ZuCo 1.0 English 21,629 12 Non-cursive LTR 

Provo English 2,689 84 Non-cursive LTR 

Table 1: Comparison of eye-tracking corpora across languages, where RTL denotes right-to-left 
scripts and LTR denotes left-to-right scripts.

of both behavioral and neural correlates of 
reading. Table 1 presents a comparison of eye-
tracking corpora across languages. Additional 
eye-tracking corpora exist for Portuguese (Leal et 
al., 2018, 2022), Chinese (Zhang et al., 2022), 
Danish (Hollenstein et al., 2022), German, and 
Japanese, thus providing cross-linguistic 
perspectives on reading behavior. 

Despite this progress, right-to-left scripts remain 
significantly underrepresented in eye-tracking 
research. Prior Arabic studies on eye-tracking 
have primarily focused on specific linguistic 
phenomena, such as diacritization effects 
(Hermena et al., 2015), morphological processing 
(Khateb et al., 2013), or reading difficulties in 
special populations (Al-Wabil and Al-Sheaha, 
2010). No comprehensive Arabic eye-tracking 
corpus for NLP applications existed until the 
development of AraEyebility. 

4. The AraEyebility Corpus 

4.1 Corpus Design and Data Collection 

The AraEyebility corpus1 (Baazeem et al., 2025) 
was developed to address the absence of Arabic 
eye-tracking resources for NLP research. The 
corpus comprises eye movement data collected 
from 15 native Arabic speakers (7 male, 8 female; 
ages 20-45) reading 587 paragraphs totaling 
57,617 words. Participants were healthy adults 
with normal or corrected-to-normal vision, holding 
or pursuing degrees from Arab countries, and 
representing diverse professional backgrounds 
and Arabic-speaking regions to ensure 
representative data collection. 

Texts were drawn from Arabic books covering 13 
topics, including grammar, literature, health, 
politics, geography, and biography.The corpus 
includes both MSA texts from contemporary 
sources and CA texts from historical works, 
spanning authors from the 8th to the 21st 
centuries. Texts were partially diacritized following 
consultation with linguists, balancing 
disambiguation benefits against visual noise 
concerns. Each text was segmented into coherent 
paragraphs expressing single ideas, enabling 

 
1 AraEyebility is publicly available at https://doi.org/10.7910/DVN/P5WPNS 
under a CC BY-NC 4.0 license. 

paragraph-level analysis that balances contextual 
richness with experimental traceability. 

Eye movements were recorded using a Tobii X120 
eye-tracker operating at 120 Hz with 0.5-degree 
precision. Participants read silently at their own 
pace while seated approximately 60-65 cm from a 
1920x1080 monitor. Texts were displayed in black 
traditional Arabic font (size 18) on a white 
background with appropriate line spacing. Each 
session included five-point calibration procedures, 
and recordings with gaze sample quality below 
80% were repeated. The final dataset achieved an 
average gaze sample quality of 93%. 

4.2 Extracted Features 

The corpus includes 98 features categorized into 
text-based features (69), capturing linguistic 
properties and gaze-based features (29), 
capturing eye movement metrics. Gaze features 
encompass standard reading metrics, including 
time to first fixation, first fixation duration, single 
fixation duration, total fixation duration, fixation 
count, saccade metrics, regression measures, 
visit duration, and pupil measurements. Text-
based features include character counts, word 
counts, syllable metrics, sentence statistics, 
readability scores, and Arabic-specific measures 
such as diacritization density and morphological 
complexity indicators. 

5. Cross-Linguistic Analysis 

5.1 Methodology 

To examine cross-linguistic differences in reading 
behavior, we compared key eye movement metrics 
from the AraEyebility corpus with reported values 
from well-established English corpora. 

We focused on metrics that are consistently 
reported across corpora and that reflect the 
fundamental aspects of reading: fixation duration 
(first fixation, single fixation, and total fixation) and 
regression duration. Where possible, we also 
examined reading time distributions and their 
relationship to text complexity. 

Direct statistical comparison across corpora 
requires caution due to substantial differences in 
language, writing systems, experimental design, 
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text materials, participant populations, annotation 
conventions, and available metrics. While we 
acknowledge that adding inferential statistical 
tests would strengthen a strictly matched 
comparison, such analyses are not 
methodologically reliable in the current study 
because the comparison is based on corpus-level 
summary patterns rather than harmonized 
participant-level data under matched conditions. 
Accordingly, applying formal cross-corpus 
statistical tests could be misleading, as the 
comparison is based on reported plots and 
summary distributions rather than harmonized raw 
data. In this context, normalization or sensitivity 
analyses (e.g., restricting comparisons to matched 
genres or text lengths) were also not feasible. 
Therefore, the analysis emphasizes qualitative 
patterns from these plots rather than precise 
quantitative comparisons. 

5.2 Fixation Duration Patterns 

Analysis of the AraEyebility corpus reveals that 
Arabic readers exhibit longer mean fixation 
durations compared to English readers in the 
Dundee and GECO corpora. This pattern aligns 
with the hypothesis that Arabic's cursive script and 
morphological complexity impose additional 
processing demands. The distribution of total 
fixation duration shows positive skewness, with 
most readings being relatively brief but with a 
notable tail of longer reading times, particularly for 
morphologically complex or low-frequency words. 
The extended fixation durations in Arabic reading 
may reflect several factors: the need to process 
diacritical marks when present; the cognitive 
demands of letter-form identification given 
context-dependent shapes; the integration of 
visual information from a cursive script where word 
boundaries are less distinct; and the lexical access 
processes specific to root-and-pattern 
morphology. These findings are consistent with 
prior research suggesting that Arabic's 
informational density makes reading more time-
intensive than for Latin languages (AlJassmi et al., 
2021). 

5.3 Regression Patterns 

Regression patterns show that Arabic readers 
exhibit longer backward eye movements 
compared to English readers. Regressions in 
reading typically indicate comprehension 
difficulties, ambiguity resolution, or verification 
processes. 

The elevated regression duration in Arabic 
reading may stem from lexical ambiguity in 
undiacritized text, where readers must sometimes 
revisit words to confirm their interpretation based 
on subsequent context. Additionally, the 
morphological richness of Arabic means that a 
single orthographic form can correspond to 
multiple morphological analyses. Readers may 
engage in more extensive reanalysis processes 
when initial parsing proves inconsistent with 
subsequent material. The bidirectional nature of 

Arabic text (with embedded left-to-right numbers) 
may also contribute to regression patterns, as 
readers navigate between different reading 
directions within the same line.  

5.4 Reading Time Distributions 

Examination of reading time distributions in 
AraEyebility reveals patterns consistent with 
those in other eye-tracking corpora, yet with 
Arabic-specific characteristics. First fixation 
duration and single fixation duration follow 
approximate normal distributions, whereas total 
visit duration and total fixation duration exhibit 
pronounced positive skewness. This pattern, also 
observed in GECO and ZuCo, reflects a mixture 
of rapid reading of familiar content and extended 
processing of challenging material. 

Correlation analysis between eye movement 
metrics and text readability levels (Easy, Medium, 
Difficult) confirms that more complex texts elicit 
longer fixation durations and more visits. This 
relationship validates the corpus annotation and 
demonstrates that gaze patterns meaningfully 
reflect text processing difficulty. The correlation 
between participant-assigned readability levels 
and Open Source Metric for Measuring Arabic 
Narratives (OSMAN) (El-Haj and Rayson, 2016) 
readability scores further supports the reliability of 
the cognitive annotations. 

6. Discussion 

6.1 Implications for Arabic NLP 

The cross-linguistic differences observed in this 
analysis suggest potential implications for Arabic 
NLP. First, the observed variation in processing 
times and rereading patterns may reflect 
differences in how textual information is 
processed across languages. The reported 
differences in fixation durations and regression 
behavior can be interpreted in light of established 
Arabic properties, including right-to-left reading, 
cursive connectivity, context-dependent letter 
forms, optional diacritics, root-and-pattern 
morphology, and bidirectional processing with 
embedded numbers. As such, models developed 
for English may not transfer directly to Arabic 
without considering language-specific 
characteristics, potentially motivating adjustments 
to feature representations or model design.  

Second, the findings support the value of 
cognitively-informed approaches to Arabic NLP. 
Eye movement data can serve as training signals 
or evaluation criteria for models designed to 
predict text difficulty, generate simplified text, or 
assess text quality. The correlation between gaze 
patterns and readability levels in AraEyebility 
demonstrates that human processing difficulty is 
measurable and can inform computational 
models. 

Third, the analysis highlights the importance of 
script-specific considerations in multilingual NLP. 
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The distinctive properties of Arabic script, 
including cursive writing, diacritization, and 
bidirectionality, create processing demands not 
found in Latin-script languages. Models aiming for 
cross-linguistic generalization must account for 
these fundamental differences in how readers 
process text. 

6.2 Implications for Eye-Tracking 
Research 

Our analysis also contributes to eye-tracking 
methodology. The development of AraEyebility 
demonstrates that comprehensive eye-tracking 
corpora can be constructed for right-to-left scripts, 
despite the technical challenges involved. The 
corpus design decisions, including paragraph-
level segmentation, partial diacritization, and 
multi-genre text selection, provide a template for 
future eye-tracking corpus development in 
underrepresented languages. 

The cross-linguistic patterns identified here 
suggest that theoretical models of reading 
developed primarily from English data may need 
to be revised to accommodate the full range of 
human writing systems. Arabic represents just 
one of many scripts that differ fundamentally from 
the Latin alphabet; similar investigations of other 
writing systems (Hebrew, Persian, Urdu, and 
various Indic scripts) would further advance our 
understanding of reading universals and 
specificities. 

6.3 Limitations 

Several limitations should be acknowledged. 
First, the cross-linguistic comparison relies on 
heterogeneous corpora that differ in language, 
writing system, participant characteristics, stimuli, 
methods, and measures. Consequently, the 
analysis is based on corpus-level patterns rather 
than matched participant-level data, which limits 
the validity of direct statistical testing and 
precludes strong causal or generalizable claims. 
Second, the AraEyebility corpus, while 
substantial, has a limited participant pool (15 
readers) and exhibits class imbalance across 
readability levels, which may affect 
generalizability. Third, the corpus focuses on MSA 
and CA, dialectal Arabic, which millions of 
speakers use daily, is not represented. 

7. Conclusion 

This paper presents the first systematic cross-
linguistic analysis of eye movement patterns in 
Arabic reading data. Using the AraEyebility 
corpus, we have demonstrated that Arabic 
reading exhibits distinctive characteristics, 
including longer fixation durations, elevated 
regression frequencies, and different optimal 
viewing positions, reflecting the unique cognitive 
demands of processing Arabic script. These 
findings contribute to both the theoretical 
understanding of reading across writing systems 

and the practical development of cognitively-
informed Arabic NLP. 

The AraEyebility corpus addresses a significant 
gap in eye-tracking resources and opens new 
avenues for Arabic NLP research. Future work 
should expand the corpus to include additional 
participants and dialectal Arabic, develop 
computational models that leverage gaze patterns 
for Arabic text processing, and extend cross-
linguistic investigations to other underrepresented 
writing systems. As NLP increasingly addresses 
the world's linguistic diversity, cognitively-
grounded resources like AraEyebility will be 
essential for developing models that reflect how 
humans actually process language. 
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Abstract
Automatic text simplification has mostly relied on human judgments when it comes to what is considered easy or diffi-
cult to read. Eye movements while reading can offer a more direct and objective signal of processing effort and reading
ease. In this paper, we explore gaze-guided text generation (GGTG), an approach to control reading ease in generated
texts, and assess its use for sentence simplification. GGTG employs a gaze model that is trained to predict eye-tracking
measures such as reading times or regression rates, which are then used to rerank next-token probabilities generated
by a language model. We evaluated the approach on an English sentence simplification benchmark and found gains
in automatic evaluation metrics, although the simplification operations are mostly limited to the lexical level. Its
modular nature also allows GGTG to be combined with other simplification techniques such as prompting or fine-tuning.

Keywords: text simplification, eye tracking, cognitive modeling, controlled text generation

1. Introduction

Most research in automatic text simplification has
relied on human judgments of simplicity or man-
ual reference simplifications that are often crowd-
sourced (Coster and Kauchak, 2011; Paetzold and
Specia, 2017; Alva-Manchego et al., 2020; Grabar
and Saggion, 2022). This means that the human
intuition of what should be considered easy to read
is taken as a proxy of what is actually easy to read.
However, recent research has shown that there
can be a substantial discrepancy between subjec-
tive perception of difficulty and actual comprehen-
sion, and that both aspects can vary between differ-
ent user groups (Alonzo et al., 2021; Carrer et al.,
2024). In contrast, methods such as eye track-
ing can provide a more direct and objective signal
of the processing effort required to read and un-
derstand a text (Just and Carpenter, 1980). While
eye-movement data has been used to evaluate sim-
plified texts, using this cognitive signal directly to
generate simplifications remains underexplored. At
the same time, the increasing amount of available
eye-tracking-while-reading data, including multilin-
gual corpora (Siegelman et al., 2022; Jakobi et al.,
2025) and datasets involving diverse readers such
as non-native or dyslexic readers (Kuperman et al.,
2023; Siegelman et al., 2025; Hollenstein et al.,
2022; Reich et al., 2024) makes it more feasible
now to use such data for natural language process-
ing (NLP) applications like text simplification.

Recent work by Säuberli et al. (2026) proposed
gaze-guided text generation (GGTG) as a simple
yet effective way to integrate eye-tracking data into
the text generation process. It works by training a
gaze model to predict eye-tracking measures and
using these predictions to modify the next-token

probabilities generated by a language model (LM).
Their findings suggest that the level of control that
can be achieved with this approach may be lim-
ited to shallow features affecting lexical processing,
such as word length and frequency. In this paper,
we explore to what extent GGTG can be used to
simplify sentences, and whether the method can
be pushed to induce more complex simplification
operations at the syntactic level.

We build on and extend the experiments in Säu-
berli et al. (2026) in several ways:

• We explore five eye-tracking measures asso-
ciated with different levels of processing and
their ability to capture text complexity.

• We train gaze models that ignore word length
and frequency and focus on higher-level as-
pects of text complexity.

• We evaluate GGTG on the ASSET benchmark
for sentence simplification.

2. Related work

Controllable text simplification has been ap-
proached from several angles. Most prominently,
models have been trained with special tokens or
feature vectors to control characteristics like word
frequency, dependency tree depth, and readabil-
ity level (Scarton and Specia, 2018; Martin et al.,
2020, 2022; Agrawal and Carpuat, 2023). Nishi-
hara et al. (2019) used a lexical constraint loss to
control lexical complexity. Kew and Ebling (2022) is
the most similar to our approach. Instead of using
eye-tracking data, they trained classifiers that pre-
dict the level of difficulty for next token candidates
and modified the token probabilities accordingly.
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While cognitive data such as eye movements
have been used to evaluate simplified texts or pre-
dicting readability (Rello et al., 2013; Singh et al.,
2016; Vajjala et al., 2016; Ivchenko and Grabar,
2024; Gruteke Klein et al., 2025a,b), the present
work is, to the best of our knowledge, the first to
use gaze data directly in the simplification process.

3. Methods

3.1. Gaze-guided text generation (GGTG)
At its core, GGTG involves an ensemble of an
off-the-shelf language model and a gaze model,
which we train to predict word-level eye-tracking
measures (e.g., first fixation time or regression
rate). The LM predicts candidates for the next to-
ken, which are then re-ranked by the gaze model.
The strength of the influence of the gaze model
can be controlled via a gaze weight. This way,
the LM output can be steered towards eliciting spe-
cific reading behaviors (e.g., longer/shorter fixation
times or higher/lower regression rates), thereby
manipulating reading ease.

We applied beam search with a beam size of
8 to decode simplified texts. We used the imple-
mentation by Säuberli et al. (2026) and refer to the
corresponding paper for more details.

3.2. Language model and prompts
We chose the instruction-tuned Llama 3.2 model
(3B; Grattafiori et al., 2024), as it is a small and
efficient model with strong instruction-following per-
formance. For the simplification task, we experi-
ment with two different prompts. The first prompt
instructs the LM to paraphrase the source sentence
without changing its meaning, allowing us to assess
the simplifying effect of the gaze model alone. The
second prompt instructs the LM to simplify, to test
whether GGTG still has a simplifying effect. See
Appendix A for the precise wording.

3.3. Gaze models

3.3.1. Predicted eye-tracking measures

We selected five word-level eye-tracking measures
that can plausibly be predicted from preceding con-
text only (which is a requirement for autoregressive
generation):

• First fixation duration: the duration of the
first fixation on a word during the first pass (0
if the word is skipped in the first pass).

• First-pass reading time: the sum of all fixa-
tion durations on a word during the first pass
(0 if the word is skipped in the first pass).

• Go-past time: the sum of all fixation durations
from when the word was first fixated until the
gaze moves past the word for the first time.
This includes regression paths initiated on the
word during first-pass reading.

• First-pass skipping rate: 1 if the word was
skipped in the first pass, 0 otherwise.1

• First-pass regression rate: 1 if there was a
regression during the first pass, 0 otherwise.

All measures are computed for readers individ-
ually and then averaged across readers for each
word. The final measures are normalized to have
a mean of 0 and a standard deviation of 1.

According to psycholinguistic research, some of
these measures are associated with earlier cog-
nitive processes such as word recognition, while
others reflect later processing such as syntactic
integration (Rayner, 1998; Godfroid, 2019). For ex-
ample, first fixation duration is measured when the
word is first looked at, while go-past time also in-
cludes time spent after the first fixation. Therefore,
we expect earlier measures to mainly enable lexical
simplification, while later measures may allow more
syntactic simplification.

We fine-tuned the large variant of GPT-2 (774M;
Radford et al., 2019) to predict the eye-tracking
measures listed in Section 3.3.1. We trained sepa-
rate models for each eye-tracking measure.

3.3.2. Model training

All models are trained on a mix of four publicly
available eye-tracking corpora of naturalistic read-
ing that cover a range of genres and difficulty lev-
els, listed in Table 1. All of these datasets contain
texts that span multiple sentences, so we perform
automatic sentence splitting after calculating eye-
tracking measures and train the gaze model on
individual sentences.

We trained the models on 90% of each dataset
and used the remaining 10% as a validation set
for early stopping and to measure performance.
We ensured that all sentences from the same text
are assigned to the same data split to avoid data
leakage. The remaining training procedure follows
Säuberli et al. (2026). Performance on the valida-
tion set is reported in Table 2.

3.3.3. Residual models

Säuberli et al. (2026) found that their gaze model’s
reading time predictions were dominated by shal-

1First-pass skipping rate is the only measure for which
higher values are associated with better reading ease.
Therefore, for ease of interpretation, we flip the sign of the
skipping rates, so that lower numbers can be considered
better across all measures.
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Dataset Text genre/content # words # readers
EMTeC (Bolliger et al., 2025) LLM-generated; various genres 50,871 (∗)107
OneStopQA (Berzak et al., 2025) Original and simplified news 35,164 (∗)360
MECO-L1 English (Siegelman et al., 2022) Encyclopedic information 2,107 46
Provo (Luke and Christianson, 2017) Various genres 2,743 84

Table 1: Datasets used for training the gaze models. (∗) means not every text is read by every reader.

LR + GPT-2
Eye-tracking measure GPT-2 LR residual
First fixation duration 0.593 0.546 0.587
First-pass reading time 0.636 0.596 0.633
Go-past time 0.481 0.367 0.458
First-pass skipping rate 0.610 0.562 0.619
First-pass regression rate 0.226 0.140 0.226

Table 2: Explained variance (R2) for each
gaze model, averaged across the four validation
datasets. LR = linear regression.

low features such as word length and frequency.
To avoid this, we trained a second version of each
model that does not capture the variance associ-
ated with these features. We did this by first fitting a
linear regression model to predict the eye-tracking
measures based word length and word frequency
alone.2 Next, we computed the residuals of the
linear regression model on the training data, nor-
malized them to mean 0 and standard deviation 1,
and trained the GPT-2-based gaze model to predict
these residuals.

3.4. Evaluation
We evaluated our approach on ASSET (Alva-
Manchego et al., 2020), an established sentence
simplification benchmark for English with multiple
crowdsourced references. We report results on the
validation set, which consists of 2,000 sentences
with ten human reference simplifications each. We
consider gaze weights in the range from 0 (gaze
model deactivated) to −3 (decrease eye-tracking
measure).

We report the reference-based evaluation met-
rics SARI (Xu et al., 2016) and LENS (Maddela
et al., 2023) against all ten references, as well as
the reference-free metric LENS-SALSA (Heineman
et al., 2023). We also report the effects on lexical
and syntactic features such as word frequency and
dependency tree depth.3

2Word length was calculated as the number of char-
acters. Word frequency is measured on the Zipf scale
based on the wordfreq package (Speer, 2022). Linear re-
gression models were fitted with scikit-learn (Pedregosa
et al., 2011).

3Dependency trees were generated using Stanza (Qi
et al., 2020).
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Figure 1: Mean gaze score differences between
original and simplified reference texts in the ASSET
validation set. A negative value means that the
gaze model predicts lower eye-tracking measures
for the simplified version (which is the expectation).
Error bars show 95% confidence intervals.

4. Results and discussion

4.1. Do the gaze models capture
sentence complexity?

The GGTG approach can only work for sentence
simplification if the gaze model is able to discrim-
inate simple from complex sentences. While the
gaze models described in Section 3.3 are indi-
rectly trained to capture complexity by predicting
eye-tracking measures, this does not necessarily
translate into a useful model of complexity in gen-
eral. Moreover, it is unclear which eye-tracking
measures are suitable for sentence simplification.

Therefore, as a first step, we assess whether the
gaze scores predicted by our models differ between
original and simplified sentences in ASSET. These
differences are visualized in Figure 1. For the full
models trained to predict eye-tracking measures,
we observe lower gaze scores in the simplified ver-
sions on average, with the largest differences for
first-pass reading time and go-past time. In con-
trast, the models that were trained on the linear
regression residuals consistently predict smaller
differences, or even differences in the opposite di-
rection. This is expected, as these models do not
have access to some of the most salient predictors
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Figure 2: Effect of gaze models on generated texts
and evaluation metrics. A gaze weight of 0 indi-
cates generation without a gaze model, a negative
gaze weight means steering the language model to
decrease the corresponding eye-tracking measure.

of simplicity – word length and frequency. However,
go-past time and first-pass regression rate – both
associated with later cognitive processing – are still
predicted to be lower in the simplified texts. This
suggests that these two residual models capture
some aspects of simplicity in the ASSET dataset
that go beyond word length and frequency, possibly
features at the syntactic or semantic level.

4.2. How does GGTG affect the
generated texts?

Figure 2 shows how changing the gaze weight for
the different gaze models affects the output texts,
comparing full vs residual models (see Section
3.3.3) and the two prompt types (see Section ??).
As expected, word length and frequency (plots in
first two rows) are strongly affected by all full mod-
els, but less so by the residual models. Compres-
sion ratio increases with stronger gaze weights,
indicating that output sentences tend to become
longer. This is due to the fact that during beam
search, appending tokens that decrease the overall
gaze score is preferred over stopping the gener-
ation (which would mean that the gaze score re-
mains unchanged). Dependency trees also tend to
increase in depth, likely due to the increased sen-
tence length. This suggests that syntactic nesting
is not reduced in the simplified sentences.

Flesch-Kincaid Grade Level (FKGL; Kincaid et al.,
1975) estimates a text’s readability using the num-
ber of sentences, words, and syllables as surface-
level proxies. We observe (plots in fifth row) that
almost all full models decrease FKGL (i.e., improve
readability) with gaze weights −1 and −2, but this
effect is negated by the increase in sentence length
around gaze weight −3. SARI and LENS-SALSA
slightly improve with gaze weight −1, but quickly
decrease with lower weights.

Overall, there is no clear pattern regarding the
different eye-tracking measures. First-pass read-
ing time appears to have the most consistent pos-
itive effect on evaluation metrics, which may be
explained by this gaze model’s relatively strong per-
formance (see Table 2). Residual models generally
have weaker effects, but in the case of first-fixation
duration and first-pass reading time, improvements
in SARI can still be observed. As expected, the
simplify prompt yields better readability and evalua-
tion metrics than the paraphrase prompt, but even
here, GGTG can further improve evaluation metrics.
See Table 3 for example outputs.

5. Conclusion

The appeal of using eye-tracking data for text sim-
plification is that, as a cognitive signal, it reflects
reading ease more directly than human judgments
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Version Text
Source A Georgian inscription around the drum attests his name.
LM-only An inscription on the drum confirms his name.
Reading time −1 There is an inscription on the drum with his name on it.
Reading time −2 The name of the person is written on a drum.
Regression rate −1 There is an inscription on the drum that confirms his name.
Regression rate −2 The name of the person is mentioned in an inscription on a drum.

Table 3: Example outputs with the simplify prompt. Reading time −1 indicates that the gaze model
predicts first-pass reading time and a gaze weight of −1 is used.

or manually simplified texts. Our results show that
some simplification operations can be achieved by
applying GGTG, and that small improvements in au-
tomatic evaluation metrics can be achieved, even
if the LM is already explicitly prompted to simplify.

However, more complex operations beyond the
lexical surface level remain a challenge, even for
the residual models, which are trained to focus on
less superficial features. A reason for this chal-
lenge could be the training data for the gaze mod-
els. There is a growing amount of available eye-
tracking data, but extracting more subtle effects
and patterns from naturalistic reading corpora is
difficult. In contrast, psycholinguistic research com-
monly uses minimal pairs to measure these effects.
Leveraging these resources could also be helpful
for text simplification.

In sum, while GGTG can help at least at a super-
ficial, lexical level, applying it on its own is not yet
sufficient in reality. However, thanks to the modular-
ity of the approach, it is easily possible to combine
it with other techniques, including prompting and
fine-tuning.

Limitations

Automatic evaluation. Automatic evaluation
metrics can only measure the adequacy and diffi-
culty of simplified texts to a very limited degree, and
human evaluation is usually recommended (Alva-
Manchego et al., 2021; Grabar and Saggion, 2022;
Carrer et al., 2024). Since our work is exploratory
and the number of investigated parameters would
have made a comprehensive human evaluation
unfeasible, we decided to prioritize automatic eval-
uation metrics.

English only. Our evaluation is limited to English
texts, limiting the generalizability of our results to
other languages. The main reason for this is the
scarcity of eye-tracking data in other languages.

Number of tested models. Finally, we only con-
sidered a single base model for both the language
and gaze model, limiting generalizability to other

models. While we initially experimented with sev-
eral base models, the results were not substantially
different, so our results only include one set of rela-
tively small models for simplicity and reproducibility.

Ethical considerations

Trustworthiness of model outputs. Given the
use of large language models and the nature of
our approach, there is little control over the con-
tent and semantic accuracy of the generated texts.
Therefore, our method should not be used with-
out additional safeguards and manual inspection
or post-editing. This is particularly important in ac-
cessibility scenarios with potentially vulnerable end
users, which is among the most common use cases
of text simplification.

Reproducibility. All datasets and code li-
braries used in this project are open-source
and received due citations. The code and
data for reproducing the results and figures in
this paper is available from the accompanying
repository: https://github.com/mainlp/
gaze-guided-sentence-simplification/

Use of generative models. We used GitHub
Copilot to accelerate programming tasks. All gener-
ated code was thoroughly checked and tested. We
did not use generative models for ideation, results
interpretation, or paper writing.
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A. Prompts

paraphrase prompt:
Paraphrase the following text. You
may change the wording and structure
of the text, but not its meaning.
Only respond with the paraphrased
text. Here is the text: [...]

simplify prompt:
Simplify the following text. You
may change the wording and structure
of the text, but not its meaning.
Only respond with the simplified
text. Here is the text:
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Abstract

Understanding how text readability affects reading behaviour is crucial for improving accessibility and health
communication. We analyse sentence-level eye-tracking data from the French Eye-TrAcking (FETA) corpus,
which includes original and manually simplified texts from three domains: general, medical, and clinical. Using
clustering of fixation-based features, we identify recurrent processing patterns and examine how these patterns
change under text simplification. Cluster quality is evaluated using silhouette scores and participant-level bootstrap
stability. Simplification does not uniformly reduce reading effort but reorganises processing in domain-dependent
ways. Medical texts show strong diversification, general texts moderate diversification, and clinical texts
show a reduction in the number of distinct reading profiles. Hence, rather than uniformly facilitating reading,
simplification redistributes effort across sentences, underscoring the need for domain-sensitive readability approaches.

Keywords: Readability, Eye-tracking, Text Simplification, Clustering, Reading profiles

1. Introduction

Understanding how text complexity affects reading
behaviour is essential for improving accessibility
and health communication. This issue is partic-
ularly important in specialised domains such as
medicine, where texts are often dense and con-
ceptually demanding (Eklics et al., 2024; Brown,
2008). Text simplification is commonly used to im-
prove readability (François and Lefer, 2022), yet
its effects on reading dynamics are not always uni-
form and may vary across domains. Identifying
which textual elements drive reading difficulty is
crucial for developing more effective simplifications
(Cheng Sheang et al., 2022).

Eye-tracking provides an objective way to study
reading processes by capturing fixation durations,
regressions, and other indicators of cognitive effort
(Salvucci and Goldberg, 2000; Duchowski, 2007;
Radach and Kennedy, 2013). These measures
reveal how readers process complex sentences
and where difficulties arise. Reading effort is not
homogeneous across sentences, and simplifica-
tion may reorganise rather than uniformly reduce
processing demands. Unsupervised methods, in-
cluding clustering approaches, have been applied
to eye-tracking data to identify patterns of read-
ing behaviour and cognitive processing (Kucharský
et al., 2020; Göbel and Martin, 2018; Guan et al.,
2025), enabling the discovery of latent processing
profiles without predefined categories.

We analyse sentence-level eye-tracking data
from original and manually simplified texts in three
domains–general, medical, and clinical–to identify
recurrent processing profiles. Using clustering of
fixation-based features, we examine how these pro-
files vary across domains and how they change
under simplification. This approach allows us to

characterise different configurations of reading ef-
fort and to assess whether simplification leads to
more homogeneous or more diverse processing
patterns.

This study addresses the following questions: (i)
Can sentence-level eye-tracking features identify
distinct processing profiles? (ii) Do these profiles
vary across text domains? (iii) How does simplifi-
cation reshape these profiles?

2. Method

Dataset. Experiments are conducted on the
FETA (French Eye-TrAcking) corpus (Ivchenko and
Grabar, 2025), a French eye-tracking dataset com-
bining original and manually simplified texts from
three domains: general Wikipedia articles, med-
ical Wikipedia articles, and clinical case reports
(toxicology and gastroenterology), thus enabling
an analysis of reading behaviour across increas-
ing conceptual complexity. The corpus contains
gaze recordings from 46 native French participants
(32 women, 14 men; age 18–43 years, M = 23.3,
SD = 6.7) collected with a Tobii Pro Spectrum eye
tracker. All participants had normal or corrected-
to-normal vision, and no medical training. Texts
are distributed across two counterbalanced sets,
such that each participant reads only one version
(original or simplified) of each text.

Simplification modifies text structure by increas-
ing the number of sentences through syntactic seg-
mentation. By domain, sentence counts increased
from 32 to 42 in clinical texts (+31.3%), from 73 to
107 in general texts (+46.6%), and from 144 to 179
in medical texts (+24.3%). As a result, simplified
texts contain more, shorter sentences than their
original counterparts.
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Eye-tracking data representation. We perform
clustering on sentence-level observations derived
from eye-tracking recordings, where word-level
measures are aggregated into sentence represen-
tations by averaging across words within each sen-
tence. Each observation corresponds to a partic-
ipant–sentence pair, where sentence boundaries
follow the experimental segmentation. For each
observation, we use a vector of standardized eye-
tracking features (z-scores) capturing early and
late reading processes (Cook and Wei, 2019; Va-
sishth et al., 2013). The following set of five non-
redundant features was selected for clustering:

• First-pass first fixation duration (ms): re-
flects early lexical processing effort upon first
encountering a word;

• Average duration of fixations (ms): reflects
overall processing effort per word;

• First-pass regression (proportion): indicates
whether the reader made a backward eye
movement from a word during its first en-
counter, reflecting early integration difficulty;

• Number of fixations: represents how many
times the reader’s gaze landed on the word or
sentence (AOI);

• Re-reading duration (ms): measures the time
spent revisiting a text region after the initial
reading pass, calculated as the difference be-
tween regression-path duration and first-pass
duration.

Observations are analysed separately for each
condition defined by text type ∈ {clinical, medi-
cal, general} and version ∈ {original, simplified}.

Outlier removal. Eye-tracking measures are
known to be heavy-tailed and sensitive to occa-
sional tracking artifacts. To reduce the impact of
extreme values on clustering solutions, we remove
outlier observations within each condition. Within
each text type × version condition, features
are z-standardised and sentence-level outliers (|z|
> 3 on any selected feature) are removed.

Clustering. We cluster observations with k-
means (Lloyd’s algorithm) using Euclidean distance
in the standardized feature space. For each condi-
tion, we fit k-means with n_init=20 random initial-
izations and select the solution with minimal within-
cluster sum of squares. We report the silhouette
score (Rousseeuw, 1987) as an internal validation
measure. This metric compares how close each
observation is to points within its assigned cluster
relative to points in the nearest alternative cluster.

Higher values indicate better separation and cohe-
sion. In our work, k is fixed per condition based on
stability and interpretability considerations.

Stability under participant bootstrap. To en-
sure that cluster structure is not driven by a small
number of participants, we evaluate robustness
using participant-level bootstrap resampling. For
each condition and chosen k, we first fit k-means
on the full dataset and obtain cluster centroids. We
then perform B = 30 bootstrap iterations, sam-
pling participants with replacement and refitting
k-means on the aggregated sentence-level obser-
vations. Because cluster labels are arbitrary across
runs, bootstrap centroids are aligned to the full-data
solution via minimum-cost matching (Hungarian al-
gorithm; Kuhn, 1955). Stability is defined as the
mean Euclidean distance between matched cen-
troids, averaged across bootstrap samples. Lower
values indicate more stable clustering. Results are
reported in table 1.

Text Version k Silhouette Stability n
Clinical Orig. 3 0.215 0.538 638

Simpl. 2 0.272 0.168 1023
Medical Orig. 2 0.247 0.194 3372

Simpl. 5 0.251 0.203 4864
General Orig. 2 0.256 0.214 1672

Simpl. 3 0.219 0.202 2242

Table 1: Clustering diagnostics after outlier removal
(k: number of clusters; higher silhouette scores and
lower centroid distances indicate better clustering
quality).

Hierarchical clustering validation. To assess
the robustness of the K-means clustering solu-
tions, we performed a cross-validation using ag-
glomerative hierarchical clustering (Ward, 1963)
with Ward’s linkage and Euclidean distance. Un-
like K-means, hierarchical clustering does not rely
on random initialization and therefore provides an
independent view of the underlying structure.

For each condition (text type × version), we fit hi-
erarchical clustering with the same number of clus-
ters k selected for the K-means analysis. Agree-
ment between the two algorithms was quantified
using the Adjusted Rand Index (ARI), which mea-
sures the similarity between two partitions while
correcting for chance. The index ranges from -1
to 1, where 1 indicates identical partitions and 0
indicates agreement expected by chance.

The comparison revealed moderate-to-high
agreement between K-means and hierarchical clus-
tering across most conditions (Figure 1). For the
medical and general texts, ARI values ranged from
0.45 to 0.58, indicating that the identified reading
profiles are largely algorithm-independent. Lower
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agreement was observed for the clinical simplified
condition (ARI ≈ 0.25), suggesting that while dis-
tinct reading strategies exist, cluster boundaries in
this condition are less sharply defined.

Overall, the consistency between two indepen-
dent clustering approaches supports the structural
validity of the reported reading profiles and indi-
cates that the main low-effort vs. high-effort distinc-
tion is not specific to a single algorithm.

However, it should be noted that simplification
in the corpus often involves sentence splitting or
merging, which prevents a strict one-to-one align-
ment between original and simplified sentences.
Consequently, rather than performing direct pair-
wise comparisons, the present approach adopts a
condition-level perspective and analyses distribu-
tions of sentence-level processing patterns within
each condition. As such, the results reflect global
differences in reading behaviour across conditions
rather than direct sentence-level effects of simplifi-
cation.

Figure 1: Agreement between k-means and hi-
erarchical clustering across conditions, showing
moderate-to-high consistency between solutions.

3. Interpretation of cluster profiles

General Texts. In original general texts (Figure
2), sentences cluster into two processing profiles,
mainly distinguished by early lexical processing:

Figure 2: Cluster centroids for general texts (z-
scored eye-tracking features).

• C1. Shorter fixation durations, reduced first-
fixation duration, minimal re-reading, and

fewer fixations overall, with slightly elevated
early regressions. This profile reflects rela-
tively fast processing with occasional brief cor-
rective regressions.

• C2. Longer early fixation durations and higher
average fixation durations, combined with few
regressions and limited re-reading. This pat-
tern indicates deeper first-pass lexical process-
ing followed by stable linear reading.

In the simplified general texts, three distinct pro-
files emerge, indicating diversification rather than
homogenisation of sentence-level processing:

• C1. Longer fixation durations and elevated
first-fixation durations, with low regression and
re-reading rates. This profile reflects deeper
but stable first-pass processing.

• C2. Shorter fixation durations, reduced regres-
sions, minimal re-reading, and fewer fixations
overall, corresponding to fluent processing.

• C3. Relatively short fixation durations with
increased first-pass regressions and limited
re-reading, suggesting fast processing with oc-
casional corrective regressions.

Overall, simplification does not uniformly reduce
processing effort but increases the diversity of
sentence-level processing patterns, enabling fluent
processing for some sentences while others remain
more effortful.

Medical Texts. In the original medical texts (Fig-
ure 3), sentences cluster into two primary process-
ing profiles:

• C1. Elevated average and first-fixation dura-
tions combined with reduced regression rates.
This pattern reflects substantial first-pass lexi-
cal integration with stable linear processing.

• C2. Shorter fixation durations and lower first-
fixation durations, with slightly increased first-
pass regressions. This profile corresponds
to relatively fluent processing with occasional
corrective eye movements.

In the simplified medical texts, five distinct
sentence-level profiles emerge, indicating strong
diversification of processing dynamics:

• C1. Elevated fixation durations and high first-
fixation durations with low regression and re-
reading rates, reflecting intensive but stable
first-pass processing.

• C2. Very low first-fixation duration and re-
duced fixation counts, indicating highly fluent
early lexical access.
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Figure 3: Cluster centroids for medical texts (z-
scored eye-tracking features).

• C3. Increased regressions, elevated re-
reading duration, and high fixation counts, sug-
gesting reanalysis and repeated inspection.

• C4. Extremely high early regressions with
short fixation durations, indicating rapid initial
processing followed by substantial corrective
eye movements.

• C5. Globally reduced fixation durations and
low regression rates, corresponding to fluent
and stable processing.

Taken together, whereas original medical texts
exhibit two main processing modes, simplification
leads to marked diversification of sentence-level
patterns. Rather than uniformly reducing effort, it
redistributes processing across distinct profiles.

Clinical Texts. In original clinical texts (Figure 4),
we observe three sentence-level reading profiles:

• C1. Sentences associated with short first-
fixation durations and elevated regression
rates, combined with increased fixation counts.
This pattern suggests rapid initial processing
followed by corrective eye movements and ad-
ditional inspection.

• C2. Sentences characterised by longer first-
fixation durations but reduced regression ac-
tivity, indicating careful early lexical integration
followed by stable linear reading.

• C3. Sentences showing elevated average fix-
ation duration, strongly increased first-fixation
duration, and higher fixation counts, reflecting
substantial lexical integration effort during the
first pass without extensive reanalysis.

In the simplified clinical texts, two processing
profiles remain:

• C1. Sentences associated with reduced fixa-
tion durations, lower fixation counts, and mini-
mal re-reading, indicating globally fluent pro-
cessing.

Figure 4: Cluster centroids for clinical texts (z-
scored eye-tracking features).

• C2. Sentences characterised by elevated first-
fixation durations and slightly increased aver-
age fixation duration but reduced regression
rates, suggesting deeper initial lexical process-
ing that remains stable and linear.

Overall, while original clinical texts exhibit multi-
ple distinct processing regimes, simplification ap-
pears to reduce heterogeneity and promote more
stable processing dynamics across sentences.

3.1. Cross-domain comparison of
processing profiles

Sentence-level clustering reveals that the impact
of simplification on reading dynamics varies across
text domains.

In the general texts, the number of clusters in-
creases from two in the original condition to three
in the simplified condition, while within-cluster vari-
ance decreases (2.08 to 1.55). This indicates mod-
erate diversification of processing profiles accom-
panied by greater internal consistency.

In the medical texts, the effect is considerably
stronger: clusters increase from two to five, and
within-cluster variance drops markedly (2.23 to
1.55). This suggests that simplification does not
uniformly reduce processing effort but redistributes
it across multiple internally coherent regimes.

In contrast, the clinical texts exhibit the oppo-
site pattern. The original texts yield three clusters,
whereas the simplified texts yield two, with a slight
increase in within-cluster variance (1.83 to 2.02).
This indicates a reduction in distinct processing
configurations and more homogeneous reading dy-
namics across sentences.

This pattern suggests that simplification reor-
ganises sentence-level processing in a domain-
dependent manner: medical texts show strong di-
versification, general texts moderate diversification,
and clinical texts relative homogenisation, reflecting
how readers balance early decoding and later inte-
gration processes across domains. Detailed cluster
proportions and variance values are reported in Ta-
ble 2.
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Text Version k Avg. Var. Cluster Sizes (%) Total Inertia
Clinical Original 3 1.83 35.3 / 41.8 / 22.9 1166.91

Simplified 2 2.02 52.0 / 48.0 2066.74
Medical Original 2 2.23 46.9 / 53.1 7508.05

Simplified 5 1.55 22.3 / 24.8 / 12.1 / 10.1 / 30.8 7524.70
General Original 2 2.08 54.1 / 45.9 3475.72

Simplified 3 1.55 29.4 / 36.3 / 34.3 3481.84

Table 2: Detailed clustering diagnostics per condition.

4. Conclusion

We investigated whether sentence-level eye-
tracking behaviour can be grouped into inter-
pretable processing profiles across text domains
and levels of simplification. Clustering analyses
revealed stable and meaningful patterns distin-
guished by fixation duration, regressions, and over-
all processing effort.

Simplification did not produce a single homo-
geneous processing pattern. Instead, it reorgan-
ised reading dynamics in domain-dependent ways.
Medical texts showed strong diversification of pro-
cessing profiles, general texts showed a moderate
diversification, and clinical texts showed a relative
homogenisation. These findings suggest that sim-
plification redistributes processing demands across
sentences rather than uniformly reducing effort.

This work provides a basis for future research on
predicting reading effort from textual features and
on text simplification. Thus, identifying sentence-
level processing profiles can help detect passages
that remain effortful even after simplification and
guide targeted revisions. Such profiles could also
inform predictive models that estimate reading ef-
fort directly from text, enabling adaptive simplifica-
tion and accessibility-oriented writing tools.
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Parts of Speech Shape Reading-Time Variability in Brazilian
Portuguese

Diego Alves
Saarland University

Saarbrücken, Germany
diego.alves@uni-saarland.de

Abstract
This study uses regression analysis of Brazilian Portuguese eye-tracking data to examine variability in reading
times across grammatical categories. Mixed-effects models reveal distinct patterns: numerals elicit high individual
variability in early-stage reading, while function words (e.g., adpositions, determiners) drive differences in late-stage
integration. In contrast, nouns show stable effects. These findings demonstrate that individual differences in reading
are systematically linked to specific parts of speech, with numerals and function words as key loci of variability.

Keywords: reading time, Portuguese, parts-of-speech

1. Introduction

Theoretical models of reading have largely been
built to explain systematic effects of linguistic in-
put on eye movements, emphasising factors such
as lexical frequency, predictability, and structural
complexity.

Recent work have demonstrated that variation
in cognitive resources, reading skill, and linguis-
tic experience systematically modulates reading
behaviour (e.g., Haeuser and Kray, 2024; Staub,
2021). These findings motivate models in which
eye movements reflect not only properties of the
text, but also enduring characteristics of individual
readers.

Empirical investigations of individual variability
in reading have typically focused on how readers
differ in their sensitivity to specific psycholinguis-
tic phenomena, such as lexical frequency, word
predictability, syntactic complexity, ambiguity reso-
lution, and integration costs (e.g., Kuperman et al.,
2018; Nicenboim et al., 2016; Staub, 2021). Vari-
ability is usually assessed in relation to experimen-
tal manipulations or item-level properties, rather
than to the grammatical units over which these ef-
fects are realised. As a result, it remains largely un-
explored whether individual differences in reading
behaviour are distributed uniformly across gram-
matical categories, or whether certain parts of
speech are more prone to variability than others.

This paper investigates the role of part-of-speech
(PoS) categories in shaping reading behaviour in
Brazilian Portuguese. Using eye-tracking data,
we examine how different PoS influence multi-
ple stages of lexical processing, as reflected in
first fixation duration, first-run dwell time, and to-
tal dwell time. To assess these effects, we anal-
ysed inter-participant variability using linear mixed-
effects models applied to word-level eye-tracking

measures, allowing us to estimate both average
PoS effects and individual differences in sensitiv-
ity to grammatical category. By comparing these
measures across readers, we aim to identify which
PoS categories are most strongly associated with
individual variability in reading times, thereby pro-
viding insight into the linguistic factors that drive
individual differences in sentence processing.

2. Related Work

Individual variability in reading behaviour has be-
come an important topic in psycholinguistic re-
search, particularly in eye-tracking studies of sen-
tence processing.

Previous work has shown that readers differ re-
liably in their sensitivity to specific perceptual and
linguistic factors, including word frequency, pre-
dictability, visual contrast, and font difficulty, indicat-
ing that individual differences in eye movements re-
flect stable properties of the reading system rather
than measurement noise (Staub, 2021). Other
studies have linked variability in eye movements
to reader characteristics, including age, demon-
strating systematic differences in the use of contex-
tual information during reading (Haeuser and Kray,
2024).

In parallel, psycholinguistic research has increas-
ingly drawn on computational models of prediction,
including surprisal-based approaches and large
language models, to explain reading times across
languages (Wilcox et al., 2023; Xu et al., 2023).
Although this work has provided strong evidence
for the role of predictability in sentence processing,
analyses typically focus on average effects and of-
fer limited insight into how predictive processing
varies between individuals.

Beyond reader-level factors, eye-tracking studies
have also shown that gaze patterns are sensitive to
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grammatical structure. In particular, eye-movement
features have been shown to reliably distinguish
between major parts of speech, such as nouns and
verbs, suggesting that grammatical categories are
associated with distinct processing profiles (Bar-
rett and Søgaard, 2015). However, this work has
largely focused on classification and representation,
rather than on whether different parts of speech dif-
ferentially contribute to inter-participant variability
in reading time.

Finally, most research on individual differences
in reading has been conducted in English. Com-
paratively little psycholinguistic work has examined
how inter-participant variability is distributed across
grammatical categories in other languages, includ-
ing Brazilian Portuguese, which differs from En-
glish in both syntactic and morphological struc-
ture. Recent eye-tracking resources for Brazilian
Portuguese make it possible to address this gap
(Sardinha, 2010). In addition, recent work has
shown that parts of speech differ systematically in
their reading-time profiles as a function of informa-
tion content, as estimated by surprisal from large
language models (Alves, 2025). However, it re-
mains unclear whether such PoS-specific process-
ing differences are also associated with differences
in inter-participant variability during reading.

3. Methodology

3.1. Eye-tracking Data

The RastrOS corpus was created to support psy-
cholinguistic research in Brazilian Portuguese (BP),
with a particular emphasis on lexical predictability
and sentence processing. It consists of two primary
components: predictability norms obtained through
a Cloze task and eye-tracking data collected during
reading experiments.

The Cloze task was completed by 393 native
speakers of BP recruited from six Brazilian uni-
versities, most of whom were undergraduate stu-
dents. Each participant filled in five randomly se-
lected paragraphs, balanced across three text gen-
res: journalistic (40%), literary (20%), and popu-
lar science (40%). The dataset is annotated with
PoS tags (generated with the Palavras parser; Bick
2000) and word frequency measures derived from
Corpus Brasileiro (Sardinha, 2010) and BrWaC
(Wagner Filho et al., 2018). In addition, the cor-
pus includes surprisal and entropy-reduction values
computed from the Cloze responses.

Eye-tracking data were collected from 37 un-
dergraduate students using an EyeLink 1000 eye-
tracker with a sampling rate of 1000 Hz. Partici-
pants read the same 120 sentences included in the
Cloze corpus (2,494 words; 2,831 tokens includ-
ing punctuation). Each sentence is annotated with

36 eye-movement measures, including first fixation
duration, first-run dwell time, and total dwell time.

For our analysis, we parsed the RastrOS sen-
tences using the Stanza parser (Qi et al., 2020) and
assigned each word a Universal Part-of-Speech
(UPOS) tag according to the Universal Dependen-
cies guidelines (De Marneffe et al., 2021). This
annotation scheme was chosen to facilitate future
cross-linguistic comparisons.

As Portuguese has contractions (e.g., da, com-
posed of the adposition de combined with the de-
terminer a, equivalent to “of the” in English), an
alignment phase was necessary. For each contrac-
tion in the eye-tracking data, we retained the PoS
tag of the head of the contraction.

4. Evaluation Method

To examine inter-participant variability in reading
behaviour across parts of speech (PoS), we anal-
ysed three standard eye-tracking measures: first
fixation duration, first-run dwell time, and total dwell
time.

1. First fixation duration - the duration of the first
fixation on a word during its first pass. Anno-
tated as IA_FIRST_FIXATION_DURATION in
RastrOS.

2. First-run dwell time - the sum of
all first-pass fixations on a word.
IA_FIRST_RUN_DWELL_TIME in Ras-
trOS.

3. Total dwell time - the sum of all fixations on
a word during the trial. IA_DWELL_TIME in
RastrOS.

First fixation reflects the initial processing of a
word and is associated with early stages of lexical
access. Gaze duration captures the time spent on
a word during first-pass reading and is sensitive
to lexical and syntactic processing. Total fixation
time includes any regressions back to the word and
reflects later stages of comprehension, such as
reanalysis or integration difficulties (Rayner, 1998).

All reading-time measures were log-transformed
after adding a constant to reduce skewness. Anal-
yses were conducted at the word level.

To avoid unstable coefficient estimates driven by
sparse data, only UPOS categories appearing in
three or more distinct sentences were retained for
analysis; all other categories were excluded prior
to model estimation.

For each reading-time measure, we fitted a linear
mixed-effects regression model with part of speech
(UPOS) as the predictor of interest as shown in
Equation 1. The models included established lexi-
cal and contextual control variables: word length,
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word frequency (Freq, log-transformed), and word
surprisal (Srp) estimated using the LLaMA-3.2-
3B transformer language model1 (Alves, 2025).
To account for spillover effects and temporal de-
pendencies in eye movements, we additionally in-
cluded lagged predictors for reading time, word
frequency, and surprisal from the one and two pre-
ceding words.

Participant was included as a random effect, with
both a random intercept and random slopes for
UPOS, allowing the effect of part of speech on
reading time to vary across individuals. This hierar-
chical structure captures individual differences in
baseline reading speed as well as in sensitivity to
grammatical category.

log(RT ) ∼ UPOS + WordLength + Freq + Srp
+ log(RT−1) + log(RT−2)

+ Freq−1 + Freq−2

+ Srp−1 + Srp−2

+ (1 + UPOS | Participant)
(1)

To facilitate comparison of effect magnitudes
across predictors, fixed-effect coefficients were fully
standardized by refitting the models on variables
that had been centred and scaled to unit variance,
using the effectsize package in R. The resulting
coefficients thus represent changes in reading time
(in standard deviation units) associated with one
standard deviation changes in the predictors.

Inter-individual variability in part-of-speech ef-
fects was quantified using the standard deviation of
the corresponding random slopes estimated by the
mixed-effects model. These random-slope stan-
dard deviations provide a model-based estimate of
between-participant variability, reflecting individual
differences in the strength of UPOS effects after par-
tial pooling and accounting for noise in participant-
specific estimates.

This modelling strategy allows us to simultane-
ously assess (i) the average effect of grammatical
category on reading time and (ii) the extent to which
these effects systematically vary across readers.

5. Results

Table 1 reports, for each UPOS category, the num-
ber of distinct Text–Sentence contexts in which it
appears and the number of recording sessions in
which it is attested.

As previously described, UPOS categories ap-
pearing in fewer than three sentences were not
considered in the analysis; consequently, symbols
(SYM) and interjections (INTJ) were excluded. All

1https://huggingface.co/meta-llama/
Llama-3.2-3B

UPOS Sentences Participants
NOUN 104 37
DET 99 37
VERB 97 37
ADP 91 37
ADJ 71 37
ADV 71 37
PRON 61 37
AUX 60 37
CCONJ 57 37
SCONJ 48 37
PROPN 40 37
NUM 27 37
SYM 2 35
INTJ 1 36

Table 1: Number of unique Text–Sentence pairs in
which each UPOS appears, and number of unique
recording sessions (participants) in which each
UPOS is attested.

remaining UPOS categories occur in more than 25
distinct sentences and were read at least once by
all participants.

Regarding the predictors that are not UPOS in
equation 1, as expected, across all three reading-
time measures, word length showed a reliable pos-
itive effect and lexical frequency a reliable negative
effect, indicating longer reading times for longer
and less frequent words.

Surprisal also exhibited a consistent positive ef-
fect across measures. Autoregressive effects of
previous reading times were robustly positive in all
models. In contrast, spillover effects of frequency
and surprisal varied across measures, with early
measures showing facilitation from previous-word
frequency, whereas total dwell time showed pos-
itive lagged frequency effects and largely absent
surprisal spillover.

Figures 1,2, and 3 present the effects of UPOS
on the three reading-time measures analysed: first
fixation duration, first-run dwell time, and total dwell
time, respectively. For each measure, bars show
standardized fixed-effect estimates from the linear
mixed-effects models, with error bars indicating
95% confidence intervals. Point size represents
the standard deviation of participant-specific UPOS
effects estimated by the model, reflecting the ex-
tent to which the influence of each UPOS category
varies across readers.

The figures suggest that grammatical category
exerts a stronger influence on total dwell time than
on earlier reading-time measures. Eight UPOS cat-
egories show statistically reliable positive effects
on total dwell time, compared to only three cate-
gories for first-fixation duration (two negative and
one positive) and four for first-run dwell time (three
positive and one negative).

32



Figure 1: Standardized fixed effects of UPOS on
log first fixation duration. Bars show fixed-effect
estimates (±95% CI); point size indicates the stan-
dard deviation of participant-level random slopes.

Figure 2: Standardized fixed effects of UPOS on
log total dwell time. Bars show fixed-effect esti-
mates (±95% CI); point size indicates the standard
deviation of participant-level random slopes.

Figure 3: Standardized fixed effects of UPOS on
log first-run dwell time. Bars show fixed-effect esti-
mates (±95% CI); point size indicates the standard
deviation of participant-level random slopes.

Across measures, the overall magnitude of inter-
participant variability is broadly comparable, al-
though it tends to reach higher levels for total dwell
time, indicating greater individual differences at
later stages of processing.

For first-fixation duration, reliable effects are lim-

ited to a small number of categories: numerals
(NUM) and coordinating conjunctions (CCONJ) show
negative effects accompanied by substantial inter-
participant variability, whereas nouns (NOUN) ex-
hibit a positive effect with comparatively low vari-
ability across readers.

A similar pattern of high variability is observed for
numerals in first-run dwell time, where they again
show a negative effect, although this effect does
not extend to total dwell time. Additional effects on
first-run dwell time are observed for subordinate
conjunctions (SCONJ), pronouns (PRON), and de-
terminers (DET), all of which display considerable
between-participant variability.

In contrast, total dwell time reveals both a larger
number of reliable UPOS effects and clearer differ-
entiation in inter-participant variability. Adpositions
(ADP), determiners (DET), and subordinate conjunc-
tions show the greatest variability across readers,
whereas nouns again emerge as the most stable
category, exhibiting relatively low variability.

With the exception of numerals, the PoS cate-
gories showing greater variability are predominantly
function words, which are typically short. These
words frequently occur at the beginning of phrases
or clauses, a position that is also commonly asso-
ciated with the presence of filler particles. Filled
pauses have been shown to occur preferentially
at utterance- and phrase-initial positions, suggest-
ing that they are linked to structural planning and
boundary marking in speech production and com-
prehension (Maclay and Osgood, 1959).

Numerals occur in both numerical and written
forms and fulfil a range of syntactic functions, includ-
ing nominal subjects (nsubj), nominal modifiers
(nmod), numeric modifiers (nummod), and oblique
arguments (obl). Their effects appear to be con-
fined to early stages of processing and show sub-
stantial variability across participants, suggesting
that a more fine-grained analysis incorporating syn-
tactic function may be informative.

6. Conclusion and Future Work

This paper investigated how part-of-speech (PoS)
categories influence reading behaviour and its vari-
ability across individuals in Brazilian Portuguese.

Analysing eye-tracking data, we found that gram-
matical category has a stronger effect on late inte-
gration measures (total dwell time) than on early
lexical access. Crucially, inter-participant variability
was not uniform: function words (e.g., adpositions,
determiners) and numerals showed the greatest
individual differences, while content words such as
nouns were more stable.

These results indicate that readers vary most
in their processing of syntactic and structural ele-
ments, highlighting the need for models of reading
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to account for how individual cognitive systems
interact with the grammatical architecture of lan-
guage.

Future work should extend this approach to other
languages and incorporate finer-grained syntactic
information, as individual UPOS categories can ful-
fil distinct syntactic functions that may differentially
shape reading behaviour.

7. Limitations

The present study has limitations that should be
considered when interpreting the results. First, the
eye-tracking experiment was conducted exclusively
with undergraduate students, resulting in a rela-
tively homogeneous participant sample. This limits
the extent to which the observed inter-individual
variability can be generalised to broader popula-
tions with greater diversity in age, educational back-
ground, and reading experience. Future work in-
cluding more heterogeneous reader groups may
reveal different patterns of variability.

Second, the corpus used in the experiment was
limited in terms of textual diversity, drawing from a
restricted set of sources. Reading behaviour, and
its variability, may differ across registers, genres, or
communicative contexts, particularly with respect
to the processing of function words and syntactic
structure. Expanding the range of text types would
therefore be important for assessing the robustness
and generality of the observed effects.
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Abstract
Consistent alignment of multi-modal experimental data—such as verbal utterances in elicitation tasks, (static) visual
stimuli, and gaze data—presents a challenge in linguistic research. These elicitations often encode information about
the visual perception strategies or cognitive processing of the scene. Thus, it is helpful to transform them into a
structured, visually grounded format which captures the visual nature of the data, ideally able to be aligned with the
corresponding gaze data. To achieve this, the present paper conceptually proposes the annotation framework for
verbal elicitation paths as a data type and presents the first release of the associated newly developed CoordiMap
annotation tool. The tool enables structured mapping of verbal elicitation data from experimental studies onto the
corresponding visual stimuli. Independent of specific paradigms, the tool supports the annotation of verbal utterances
in a linearized form based on coordinates directly marked on the image of the stimulus. The format is conceptually
inspired by eye-tracking data formats, in which gaze behavior is represented as temporally linearized paths overlaid
on the stimulus. The paper motivates the development of the tool and its annotation methodology by theoretical
and experimental considerations regarding the relationship between visual perception and language produc-
tion. As this a work in progress, the functionality of the annotation tool is demonstrated through an exemplary use case.

Keywords: Multi-modality, gaze data, elicitation data

1. Introduction

The collection and analysis of linguistic elicitation
data in multi-modal experiments poses a challenge
for researchers, particularly in terms of consistently
linking diverse data modalities—such as verbal ut-
terances, visual stimuli, and gaze data. This is
especially relevant in experiments using static im-
ages as stimulus material, for example in scene
or spatial description tasks, where there is a need
for scientific tools that enable precise anchoring of
linguistic expressions to the respective stimulus.

A typical use case involves linguistic elicitation
experiments in which participants describe images
containing specific visual cues or spatial configu-
rations. These verbal data often include implicit
cues about the participant’s visual perception or
cognitive processing of the scene (Griffin and Bock,
2000)—for example, by means of the sequence of
the description or the choice of specific referential
anchors (Klein, 2015). To systematically analyze
such data, it is helpful to transform them into a
structured, visually grounded format. The tool intro-
duced here was developed with this goal in mind: it
enables the annotation of linguistic elicitation paths
directly on the stimulus image. Users can upload an
image, mark relevant points according to the cho-
sen linguistic paradigm by clicking on them, and
assign a label to each point. These points are then
connected in the chronological order of annotation,

forming the elicitation path—a graphical represen-
tation of linear language production anchored to
the visual stimulus.

The aim is to render verbal data in a form that is vi-
sually interpretable and analyzable, and that can be
directly compared to other modalities—especially
eye-tracking data. Just as eye-tracking opera-
tionalizes visual perception as temporally sequen-
tial paths over the stimulus, language similarly lin-
earizes cognitive processes. The tool therefore sim-
ulates fixations, fixation durations, and saccades
through the position, repetition, and connection of
annotated points, offering a novel approach to an-
alyzing linguistic and visual data within a shared
coordinate framework.

The application was intentionally implemented
as a framework-agnostic tool, allowing flexible
integration into a wide range of theoretical and
methodological research contexts and paradigms.
Users can determine which linguistic units to an-
notate—from simple coreference expressions to
complex information-structural constructions. The
exported data (label, X, and Y coordinates) in .csv
format allow for straightforward post-processing
and integration into the analysis of related datasets.
This tool thus provides a specialized and user-
friendly platform that supports the anchoring of
verbal elicitation paths on visual stimuli within
a unified workflow—whether for the analysis of
elicitation-only experiments or for combination with
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eye-tracking data based on shared stimulus ma-
terials. To promote open-access resources, Co-
ordiMap will be made available under a CC BY 4.0
license1.

2. Previous work

In empirical language research—especially within
multi-modal experimental setups—a key challenge
lies in linking different modalities such as language
with visual attention, similarly to pragmatic metrics
like gesture (Lücking et al., 2015; Pfeiffer et al.,
2006) or semantic metrics such as spatial descrip-
tion in spatial cognition research (Delucchi Danhier,
2019). This is particularly true for experiments em-
ploying static visual stimuli designed to elicit verbal
responses, which require methods for precisely
mapping verbal data onto the corresponding per-
ceived regions of an image.

A well-established method for capturing visual
perception is eye-tracking, which records eye move-
ments and yields a linearized representation of the
perceptual trajectory across a stimulus. This form
of data—consisting of sequences of fixations, sac-
cades, and fixation durations—captures a tempo-
rally ordered perception path (Blake, 2013), which
conceptionally aligns with linguistic production data
that themselves constitute a linear representation of
multidimensional cognitive processes (Ferreira and
Henderson, 1998; Delucchi Danhier, 2019). Not
only in spatial cognition but in all forms of language
production, there is a need to abstract multidimen-
sional information into a sequential format—a pro-
cess likewise inherent to the temporally ordered
nature of linguistic signals in human language (Fer-
reira and Henderson, 1998).

The planning and structuring of language
production—known as conceptualization (Levelt,
1989)—is influenced, among other factors, by the
experimental task or "Quaestio" (Delucchi Danhier,
2019). This process involves, for instance, the
selection and linearization of information as well
as the contextually appropriate choice of granular-
ity in arranging that information (von Stutterheim
and Carroll, 2007). Assuming that such factors
are reflected not only in the composition of verbal
elicitation but also in the associated gaze behavior,
classic studies such as Tanenhaus et al. (1995)
and Griffin and Bock (2000)—which integrated vi-
sual and linguistic data based on shared stim-
uli—have already demonstrated the conceptual and
methodological viability of combining eye-tracking
with linguistic elicitation. However, the encoding
of combined data in such studies has varied, of-
ten mapping verbal data as temporal markers onto
gaze paths rather than treating both as indepen-
dent, structurally comparable trajectories (Griffin

1https://osf.io/8ke4c/overview.

and Bock, 2000)—an approach that highlights the
potential added value of path-based comparison
proposed in this paper. This becomes particularly
relevant in the case where the experiments—eye-
tracking and elicitation—are performed by two sep-
arate groups of participants and thus not produce
temporally matching gaze and elicitation data.

Related approaches such as ‘Meaning Maps’
(Henderson and Hayes, 2017, 2018) further estab-
lish visual annotation types that map image stimuli
based on their semantic relevance. These map-
pings not only provide insights into task-driven vi-
sual salience but also serve as annotation formats
for modeling attention in experimental contexts.
Such methods motivate the joint investigation of
gaze and language behavior in relation to shared
visual stimuli—and underscore the need for an an-
notation tool that facilitates this type of multi-modal
analysis.

2.1. Motivation for the Elicitation Path as
a Data Type

Within such experimental designs, there is a need
to transform verbal elicitation data into a visually
grounded and formally structured data type. Verbal
descriptions of image content—such as in spatial
or scene descriptions—often follow implicit cogni-
tive paths that can be traced back to the stimu-
lus itself. Explicitly modeling these sequences as
elicitation paths allows not only for the visualiza-
tion of linguistic production processes but also cre-
ates a basis for direct comparison with eye-tracking
data: both modalities sequentially represent per-
ceptual and constructive processes anchored on
the same stimulus. This format is particularly well-
suited for experimental tasks that investigate the
relationship between perception and linguistic struc-
ture—for instance, with respect to reference strate-
gies, information structure, or spatial description
patterns (Delucchi Danhier, 2019; Griffin and Bock,
2000). In contrast to individual markers that denote
isolated referential points, the elicitation path en-
ables the annotation of more complex structures
that can be visualized as paths across the im-
age—potentially aligning closely with the concep-
tual structure of gaze paths.

2.2. Motivation for the Annotation Tool
Existing annotation tools such as LabelImg (Tzu-
talin, 2015) or the VGG Image Annotator (VIA)
(Dutta and Zisserman, 2019) offer robust functional-
ity for visual image annotation (e.g., through bound-
ing boxes), but they are not designed for the anno-
tation of linguistic elicitation paths. However, spe-
cialized approaches like the ’Meaning Map’ by Hen-
derson and Hayes (2017), and their contribution
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to linguistic research, highlight the need for task-
specific tools that support linguistic annotation of
visual stimuli—thereby expanding the methodologi-
cal repertoire of empirical linguistics. In this context
the CoordiMap tool was developed: a framework-
agnostic, user-friendly annotation tool that makes
verbal elicitation paths visually accessible on static
stimuli and transforms anchors into concrete loca-
tions on the image for analysis and evaluation of
the path. Users can upload a stimulus image, de-
fine relevant anchor points through simple clicks,
and have these points automatically connected into
paths. Each path represents a verbal utterance or
cognitive sequence of linguistic production, based
on the user’s underlying theoretical model and can
be exported as structured .csv files containing
labels and X/Y-coordinates. The resulting data for-
mat is explicitly implemented to support compara-
bility with eye-tracking data, as both are spatially
grounded on the coordinate level and conceptually
simulate fixations and saccades. This enables, for
example, the investigation of whether the sequence
of verbal descriptions of a scene corresponds to its
visual perception—a line of inquiry particularly rele-
vant for combined eye-tracking and elicitation stud-
ies like Griffin and Bock (2000). Importantly, the
tool allows for flexible integration into a wide range
of theoretical annotation frameworks—from simple
coreference annotations and semantic descriptions
of space (Kababgi et al., 2024; Sitter et al., 2025) to
more complex information-structural annotations in
the context of spatial cognition (Delucchi Danhier,
2015, 2019; Delucchi Danhier et al., 2025).

3. Functionality of CoordiMap

CoordiMap is a lightweight, locally run tool that is
straight-forward to use and does not require an ex-
tensive amount of training. It was implemented in
Python (Van Rossum and Drake, 2009) and comes
with a README file for set-up. The tool incorporates
the libraries tkinter (Lundh, 1999), pillow (Clark,
2015), numpy (Harris et al., 2020), and matplotlib
(Hunter, 2007). To showcase the functionality of the
new tool, the individual functions are demonstrated
in a simple exemplary annotation. For demonstra-
tion purposes assume the simple annotation task
of the annotation of entities represented as plain
nominal mentions. A very simple exemplary elicita-
tion regarding the example image might look like
this:

(1) ‘There is a tree. A bird is sitting next to a
branch.’

This elicitation thus contains the three nominal
mentions of tree, bird, and branch, which will have
to be annotated in this example. The following

paragraphs will demonstrate the workflow for this
annotation.

The Graphical User Interface (GUI). To run the
software, the script has to be executed within the
current working directory. It will then launch a GUI,
where all further tasks can be carried out. Alter-
natively, it can be launched via the accompanying
.exe file. The tool will be used by means of the but-
tons on the left side (see left side of Figure 1) and
mouse clicks on the image, which can be uploaded
from the user’s file architecture. When a file is se-
lected, the tool will upload it into the canvas-space
in the GUI (see right side of Figure 1).

Figure 1: Exemplary annotation of the elicitation
path. Reuse functionality (red) and renaming func-
tionality (blue).

Annotation. To start annotation, the user can
click the position on the image that is supposed to
be annotated and thus anchor the linguistic unit to
the respective position on the stimulus. The image
on the canvas will then display a dot at the selected
position. Every subsequent anchor is then con-
nected to the previous one with a line creating a
verbal path across the image (see Figure 1). This
format is designed to mirror the format of fixations
and saccades forming a view path in the data of
eye-tracking experiments. To simulate prolonged
fixation times typically found in eye-tracking data,
the tool is able to detect multiple consecutive anno-
tations of the same position and increase the size of
the dot at this position. It will differentiate between
consecutive anchors and non-consecutive anchors
separated by other anchors. All individual anchors
are listed in the ’point’-drop-down menu for further
use. The labels are displayed next to the points on
the canvas, if the user hovers the cursor over the
respective point (see ’bird’-anchor in Figure 1).

Polygon Mode and Regions. In case larger enti-
ties or collective descriptions, which span extended
areas of the image, need to be annotated, the tool
offers a polygon mode, to create regions of adapt-
able sizes according to the chosen paradigm. In
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the demonstration example this could apply for the
mention of ‘tree’ or ‘branch’, as those span larger
chunks of the image compared to ‘bird’. Those
regions enable the calculation of the entities cen-
troid–the coordinate at the center of the region–to
represent the region in the form of a single an-
chor. To annotate regions, the mode needs to be
changed from path mode to polygon mode by tog-
gling the ‘Switch to Polygon Mode’-button. Once
the mode has been changed, a region of variable
size can be created by outlining the respective part
of the image with clicks. The tool will automatically
calculate the centroid and use it as a representative
position for the region.

Figure 2: Exemplary annotation of the Polygon
Mode Interface (dotted orange outline) and the Poly-
gon Naming Interface.

Selecting and Reusing Regions and Points. To
ensure a consistent annotation across participants
on the same stimulus image, points and regions
may be reused once annotated. This guarantees
exact coordinate positions when the same unit has
to be annotated. To reuse a point or a region it
can simply be selected in the respective drop-down
menu (see Figure 1) and used by clicking ‘Use
selected point/region’.

Renaming Regions and Points. To rename a
point or a region for further use, the point or re-
gion has to be selected in the respective drop-
down menu. Then the user can click ‘Rename
point/region’, which will open an interface, where
a new label can be entered. The new label will
replace all instances of the previous name of the
label; even in the export file. This functionality will
also update the hover-labels already displayed on
the canvas (see Figure 1).

Export Coordinates of the Path. To export a
finished path, a filename has to be entered into
the according export interface. The export func-
tion only accepts .csv file-format. A .csv-file is
then exported into the current working directory
containing the annotated coordinates aligned to

the stimulus in pixels as well as the label. Table 1
shows the output for the demonstration example of
tree, bird and branch. The left column contains all
x-coordinates of the annotations, the right column
contains all the y-coordinates. After exporting the
annotations, the user can either clear the current
path or the entire set-up.

Label X-Coordinate Y-Coordinate
Tree 615 554
Bird 532 372
Branch 831 639

Table 1: Exemplary output of the export function in
pixels.

4. Discussion

The presented tool constitutes a first version of a
specialized annotation platform for elicitation data,
aimed at precisely mapping verbal elicitation paths
onto corresponding visual stimuli. Its conceptual
foundation is based on the assumption that both
gaze behavior and verbal description can be under-
stood as linearizing processes of cognitive percep-
tion (Delucchi Danhier, 2019; Ferreira and Hender-
son, 1998). By visually anchoring linguistic units
to a shared stimulus, the tool enables the identi-
fication of structural parallels between language
production and perception—particularly in experi-
mental setups that combine eye-tracking with ver-
bal elicitation (Griffin and Bock, 2000). The tool
represents an important first step toward not only
conceptually but also practically linking two well-
established data modalities in empirical language
research: visually anchored speech and visual per-
ception. In the long term, the framework and tool
may prove useful not only in experimental linguistic
contexts but also in interdisciplinary fields such as
cognitive science or human-computer interaction,
where the integration of multimodal data plays an
increasingly central role.

In particular, the approach may prove relevant
for the development and training of multimodal
LLMs. The framework introduced here could sup-
port the manual data annotation processes that
typically precede computational modeling, espe-
cially in contexts where aligned visual–linguistic
data are required. By explicitly encoding the re-
lationship between verbal production and visual
reference points, the tool contributes to the cre-
ation of structured datasets that may facilitate the
learning of grounded language representations. At
the same time, it should be noted that the toy ex-
ample utilized to demonstrate the functionality of
the tool represents a deliberately simple application
scenario, serving to illustrate the core mechanics
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of the reasoning behind the scheme and the an-
notation process. It does, however, not exhaust
the methodological potential of the approach. With
the development of more complex and task-specific
annotation guidelines the elicitation data could be
encoded even more fully. For instance, future ex-
tensions of the framework could incorporate the
temporal dimension of speech into the annotation
process by integrating temporal information such
as onset times, durations, or pauses. The elicita-
tion paths as a data type could thus be enriched
to reflect not only the sequential order of linguis-
tic units but also their temporal unfolding. This
would allow for an even closer comparison with
eye-tracking data, in which the temporal dimension
plays a fundamental role, thereby further aligning
the two data types. Furthermore, the annotation
framework could be expanded to explicitly incor-
porate the linguistic instructions of the elicitation
task, since task design (the Quaestio) has a sub-
stantial impact on both linguistic production and
perceptual strategies, as mentioned previously and
thereby providing additional explanatory power for
observed patterns in the data.

More generally, the annotation process itself
could be supported by (semi-)automatic prepro-
cessing of the elicitation data. For example, syn-
tactic parsing, morphological tagging, or automatic
coreference resolution could guide annotation de-
cisions depending on the chosen theoretical frame-
work. Such integrations would not only increase an-
notation efficiency but also form a interdisciplinary
bridge between psycholinguistic research and NLP.
Regarding these considerations, the current imple-
mentation should be understood as a foundational
step. Its primary contribution lies in the proposi-
tion of an extensible framework that can be further
adapted to complex research questions across dis-
ciplines.

5. Conclusion

The framework and tool introduced here conceptu-
ally address a methodological gap in experimental
linguistics by visually anchoring verbal elicitation
data and transforming it into a format that parallels
the structure of eye-tracking data. The tool was
developed with the goal of providing a lightweight,
framework-agnostic, and locally executable instru-
ment that can be used across a variety of experi-
mental settings—especially for analyzing the rela-
tionship between visual perception and language
production. In a follow-up step of this ongoing
project, both the framework of verbal elicitation
paths and the CoordiMap tool will be tested and
evaluated empirically in a pilot annotation study
comparing gaze data with elicitation paths. Future
versions of the tool are intended to expand on the

current functionality and adapt to the empirical de-
mands of linguistic and cognitive research.

6. Limitations

Despite the potential of the application, the current
version has several limitations:

No Automatic Alignment Functionality with Eye-
-tracking Data At present, the annotated elicita-
tion paths are exported using pixel-based fixed-
resolution coordinates, which are not automatically
aligned with typical metrics of eye-tracking data
(e.g., normalized stimulus regions, fixation dura-
tions, Areas of Interest, or the specific layout of
the respective eye-tracking system). To enable di-
rect comparability, manual post-processing—such
as coordinate transformation—is currently required.
Future versions may include automated coordinate
alignment features to further facilitate the integra-
tion of verbal and visual paths. Additional function-
ality could include automatic linking of annotated
points to pre-parsed linguistic features depending
on the chosen paradigm—for example, syntactic or
morphological information annotated in advance for
each anchor point. Other annotation types, such as
coreference, could also be added to mark different
realizations of referential expressions.

No Empirical Evaluation with Annotated Elicita-
tion Data As this is a work in progress, the current
version of CoordiMap primarily serves to introduce
the annotation concept and showcase its technical
feasibility. A systematic application to real-world
data—such as a pilot annotation study comparing
elicitation and eye-tracking data—has still to be con-
ducted. In such a future pilot study it is especially
important to analyze inter-annotator consistency
and conduct a usability evaluation. Only such em-
pirical use cases will allow for a comprehensive
evaluation of the tool’s added methodological value
for experimental linguistic research.

Theoretical Dependence of Annotation Inter-
pretability Because the tool is designed to be
framework-agnostic, the interpretability and infor-
mativeness of the annotated paths largely depend
on the chosen theoretical model. The quality and
granularity of the annotations may vary according
to the underlying linguistic framework (e.g., corefer-
ence, information structure, semantics) and must
be supported by clearly defined annotation guide-
lines.

Acknowledgments

We are grateful to the anonymous reviewers for
their helpful comments. This research is funded by

39



Deutsche Forschungsgemeinschaft (DFG, German
Research Foundation) – Project-ID 232722074 –
SFB 1102.

7. Bibliographical References

C. Blake. 2013. Eye-tracking: Grundlagen und an-
wendungsfelder. In W. Möhring and D. Schlütz,
editors, Handbuch standardisierte Erhebungsver-
fahren in der Kommunikationswissenschaft.
Wiesbaden, Springer VS. Doi:10.1007/978-3-
531-18776-1_20.

A. Clark. 2015. Pillow (pil fork) documentation.

R. Delucchi Danhier. 2015. Sprachspezifische
Aspekte der Informationsverteilung in Wegan-
weisungen. Schneider Verlag Hohengehren,
Baltmannsweiler.

R. Delucchi Danhier. 2019. Linearisierungsstrate-
gien und ihr einfluss auf die informationsstruk-
tur und die syntaktische komplexität von zim-
merbeschreibungen. In Tübingen:, editor, Raum-
relationen im Deutschen, pages 69–89. Stauffen-
burg.

R. Delucchi Danhier, B. Mertins, H. Mertins, and
G. Schneider. 2025. Entropy as a lens: Exploring
visual behavior patterns in architects. Journal of
Eye Movement Research, 18(5).

A. Dutta and A. Zisserman. 2019. The VIA anno-
tation software for images, audio and video. In
Proceedings of the 27th ACM International Con-
ference on Multimedia, MM ’19, New York, NY,
USA. ACM.

F. Ferreira and J. M. Henderson. 1998. Lineariza-
tion strategies during language production. Mem.
Cognit., 26(1):88–96.

Z. M. Griffin and K. Bock. 2000. What the eyes
say about speaking. Psychological Science,
11(4):274–279. PMID: 11273384.

C. R. Harris, K. J. Millman, S. J. van der Walt,
R. Gommers, P. Virtanen, D. Cournapeau,
E. Wieser, J. Taylor, S. Berg, N. J. Smith, R.Kern,
M. Picus, S. Hoyer, M. H. van Kerkwijk, M. Brett,
A. Haldane, J. Fernandez del Rio, M. Wiebe,
P. Peterson, P. Gerard-Marchant, K. Sheppard,
T. Reddy, W. Weckesser, H. Abbasi, C. Gohlke,
and T. E. Oliphant. 2020. Array programming
with NumPy. Nature, 585(7825):357–362.

J. M. Henderson and T. R. Hayes. 2017. Meaning-
based guidance of attention in scenes as re-
vealed by meaning maps. Nature Human Be-
haviour, 1:743–747. Doi:10.1038/s441562-017-
0208-0.

J. M. Henderson and T. R. Hayes. 2018. Rehrig,
g., ferreira. F. Meaning guides attention during
real-world scene description. Scientific Reports,
8:13504.

J. D. Hunter. 2007. Matplotlib: A 2d graphics envi-
ronment. Computing in Science & Engineering,
9(3):90–95.

D. Kababgi, G. Grisot, F. Pennino, and B. Herrmann.
2024. Recognising non-named spatial entities
in literary texts: a novel spatial entities classifier.
In Proceedings of the Computational Humanities
Research Conference, volume 3834 of CEUR
Workshop Proceedings, pages 472–481.

W. Klein. 2015. Überall und nirgendwo. Subjek-
tive und objektive Momente in der Raumreferenz
(1990), pages 177–207. J.B. Metzler, Stuttgart.

W. J. M. Levelt. 1989. Speaking: From Intention to
Articulation. The MIT Press.

F. Lundh. 1999. An introduction to
tkinter. URL: www. pythonware.
com/library/tkinter/introduction/index. htm.

A. Lücking, T. Pfeiffer, and H. Rieser.
2015. Pointing and reference reconsid-
ered. Journal of Pragmatics, 77:56–79.
Doi:10.1016/j.pragma.2014.12.013.

T. Pfeiffer, A. Kranstedt, and A. Lücking. 2006.
Sprach-gestik experimente mit iade, dem inter-
active augmented data explorer. In Dritter Work-
shop Virtuelle und Erweiterte Realität der GI-
Fachgruppe VR/AR, Koblenz, pages 61–72.

E. Sitter, O. Momen, F. Steig, J. B. Herrmann, and
S. Zarriess. 2025. Annotating spatial descrip-
tions in literary and non-literary text. In Proceed-
ings of the 19th Linguistic Annotation Workshop
(LAW-XIX-2025), pages 308–325, Vienna, Aus-
tria. Association for Computational Linguistics.

M. K. Tanenhaus, M. J. Spivey-Knowlton, K. M.
Eberhard, and J. C. Sedivy. 1995. Inte-
gration of visual and linguistic information
in spoken language comprehension. Sci-
ence (New York, N. Y.), 268(5217):1632–1634.
Doi:10.1126/science.7777863.

Tzutalin. 2015. Labelimg. Free Software: MIT
License.

G. Van Rossum and F. L. Drake. 2009. Python 3
Reference Manual. CreateSpace, Scotts Valley,
CA.

C. von Stutterheim and M. Carroll. 2007. Durch die
grammatik fokussiert. Zeitschrift für Literaturwis-
senschaft und Linguistik, 145:35–60.

40



Proceedings of The Second International Workshop onEye-Tracking Resources and Evaluation for Human-Aligned NLP, pages 41–49
May 12, 2026. ©ELRA Language Resources Association (ELRA), 2026

A Comparative Study Between
Mouse and Eye Tracking Signals for Long Romanian Texts

Alexandru Bogdan Gheorghe Sergiu Nisioi

Human Language Technologies Research Center
Faculty of Mathematics and Computer Science

University of Bucharest
ghrghbogdan@gmail.com, sergiu.nisioi@unibuc.ro

Abstract
Understanding human language processing via eye-tracking (ET) is precise but limited by scalability. Mouse-Tracking
(MoTR) offers a cost-effective alternative, yet its viability for long-form reading in languages like Romanian remains
underexplored. The primary challenge lies in the motor-induced noise and biomechanical discrepancies between
hand and eye movements. Here we show that combining targeted technical enhancements with a Hertz-based
velocity transformation suggests that MoTR can capture significant cognitive signals comparable to ET. We evaluate
this by training a BERT-enhanced Fusion Model that integrates semantic context to bridge the mechanical gap,
achieving an internal consistency of ρ ≈ 0.58 and a cross-modal correlation of ρ ≈ 0.22 in the velocity domain. These
results indicate that when properly normalized, manual tracking captures similar cognitive constraints as gaze, with
predictive accuracy approaching the empirical bounds of human behavioral variance.

Keywords: Mouse-tracking, Eye-tracking, Cognitive Modeling, BERT Fusion, Gaze Prediction

1. Introduction

Although eye-tracking (ET) remains the gold stan-
dard for capturing the ’Eye-Mind’ connection, the
prohibitive cost of hardware and the constraints
of laboratory environments pose significant barri-
ers to data collection, particularly for low-resource
languages. While initiatives like the MultiplEYE
project1 aim to provide standardized multilingual
corpora, the data available for the Romanian
language remain scarce compared to English
(Kennedy et al., 2003; Luke and Christianson,
2018). On the one hand, Romanian shares cer-
tain structural similarities with other Romance lan-
guages, but on the other hand it presents particular
challenges: the widespread use of diacritics in-
creases visual crowding and decoding difficulty, a
relatively flexible word order that complicates incre-
mental syntactic integration and increases word-
level surprisal.

Mouse-tracking while reading (MoTR) has
emerged as a promising proxy, contributing to large-
scale browser-based experiments Wilcox et al.
(2024). Despite its potential, the transition from
ocular to manual tracking introduces significant mo-
tor noise. We identify two critical bottlenecks: first,
the "noise" generated during return sweeps, where
the cursor inadvertently records data while transi-
tioning between lines; and second, the variability
in participants’ manual dexterity. We observed that
maintaining the cursor precisely on a text line is

All authors are corresponding authors.
1https://multipleye.eu

a demanding task that varies significantly across
individuals, often leading to vertical "drifting" that
corrupts the signal .

To address these challenges, we propose an
Enhanced MoTR Framework (illustrated in Figure
1) featuring structural interface modifications: a
Row-Level Gatekeeper to isolate line-specific read-
ing and a Vertical Axis Constraint (vertical lock) to
compensate for varying dexterity. Due to the restric-
tions of the gatekeeper system, we implement a
click-to-release mechanism that enables intentional
regressions, allowing users to manually bypass
line constraints to revisit previous segments with-
out compromising the system’s automated tracking
integrity.

Beyond structural interface modifications, we
consider the mathematical representation of read-
ing behavior. In our observations, reading dura-
tions in MoTR typically follow a more pronounced
right-skewed, long-tail distribution, which can be
suboptimal for linear analyses such as Pearson’s
correlation. This is problematic because it may
distort the perceived alignment between modali-
ties by over-emphasizing high-duration motor out-
liers. To mitigate this, we explore projecting these
durations into the velocity domain (Hertz). Such
transformation provides a natural normalization of
the data, potentially stabilizing the signal and lead-
ing to a more consistent comparison between the
different mechanical scales of ocular and manual
movements.

Finally, we show how surface-level linguistic fea-
tures (word length or frequency) can be augmented

41



to better capture the cognitive effort. Thus, we in-
tegrate contextual embeddings into our predictive
engine. Observing how latent semantic difficulty
influences reading behavior provides a more nu-
anced lens through which to evaluate the alignment
between manual and ocular signals, rather than re-
lying solely on surface-level statistics.

2. Related Work

The foundation of eye-tracking research in psy-
cholinguistics rests on the Eye-Mind Hypothesis
(Just and Carpenter, 1980), which posits that gaze
duration is a direct proxy for cognitive processing
time. Landmark studies by Rayner (1998); Rayner
et al. (2003) established how lexical features, such
as word length and frequency, systematically influ-
ence fixation patterns. More recently, the Multipl-
EYE initiative (Jäger et al., 2026) has expanded
these by developing standardized multilingual cor-
pora. However, collecting high-fidelity ocular data
for the Romanian language remains a significant
challenge, with the MultiplEYE project standing as
the sole major initiative currently addressing this
lack of standardized resources.

As a scalable alternative to expensive eye-
tracking hardware, Wilcox et al. (2024) introduced
the MoTR paradigm, demonstrating that cursor tra-
jectories can successfully capture fundamental psy-
cholinguistic effects. Despite its potential, existing
literature (Wilcox et al., 2024; Huang et al., 2012)
highlights that manual signals are inherently "nois-
ier" than ocular ones. Challenges such as varying
manual dexterity and the noise generated during
"return sweeps" (transitions between lines) remain
significant hurdles for signal precision.

Most existing studies rely on single-sentence
stimuli or short fragments to minimize motor vari-
ance (Oğuz et al., 2025; Popescu and Nisioi, 2025).
While it is effective for isolating lexical effects, these
approaches do not capture the complexity of long-
form naturalistic reading. As the text length in-
creases, the cumulative effects of fatigue become
more pronounced, leading to errors. Recent task-
oriented datasets like PreferRead (de Langis et al.,
2025) have begun using MoTR for longer texts to
monitor LLM annotators, but they focus on evalua-
tion rather than naturalistic reading.

Initially tested on English passages from the
Provo Corpus (Wilcox et al., 2024), the method has
recently been expanded to other languages. For
instance, Oğuz et al. (2025) utilized MoTR to probe
gender agreement in Russian, while Haveriku et al.
(2025) explored its feasibility for Albanian. In the
Romanian context, Popescu and Nisioi (2025) pro-
vided the first application of MoTR using isolated
sentences from the MLSP dataset.

Traditional predictive models of reading behav-

Figure 1: The enhanced MoTR interface featuring
the Row-Level Gatekeeper system and the spotlight
mechanism.

ior have relied on surface-level features, such as
word length or Zipf frequency (Kliegl et al., 2004a).
The integration of pre-trained language models like
BERT (Devlin et al., 2019) provides a means to
represent semantic difficulty and "spillover effects".
By utilizing PCA for dimensionality reduction (Pe-
dregosa et al., 2011), we aim to focus the model
on the most significant semantic patterns while fa-
cilitating a more stable training process.

3. Methodology

We propose a multi-stage pipeline that integrates
structural modifications to the Mouse-Tracking
while Reading (MoTR) paradigm with a specialized
data-processing workflow. These enhancements
are specifically made to minimize motor-induced
noise and enforce a tighter coupling between man-
ual displacement and cognitive processing. The
process is organized into two primary stages: an
experimental setup involving interface constraints
and dual-modality data collection, followed by a
computational pipeline that integrates speed-based
normalization and contextual modeling.

3.1. Experimental Setup and Technical
Enhancements

The study involved 18 participants, divided into two
equal groups: 9 subjects for the Mouse-Tracking
(MoTR) tests and 9 subjects for the Eye-Tracking
(ET) baseline. The MoTR group consisted of
university-level students aged between 20 and 29,
all of whom are native Romanian speakers. This
specific age range was selected to ensure that all
participants had similar computer skills and reading
habits, reducing the risk of motor-skill differences
affecting the data.
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(a) Row-Level Gatekeeper mechanism.

Text Line Content...

Raw Manual Input

Locked Trajectory

(b) Vertical Axis Constraint (OY lock).

Figure 2: Functional enhancements to the MoTR
interface for noise reduction.

The reading materials were selected from the
Romanian sub-corpus of the MultiplEYE project
(Jakobi et al., 2026; Nisioi et al., 2026; Kasperė
et al., 2026). We used these texts because they
are standardized and provide a consistent mix of
different genres and difficulty levels. To ensure
that the data reflects genuine cognitive effort, each
reading session was followed by six comprehen-
sion questions with four response options. These
questions served as a control mechanism.

Furthermore, the questions were designed by
the MultiplEYE team (Hollenstein et al., 2026) to
assess the active reading of the text. Instead of fo-
cusing on simple surface-level facts, they required
participants to integrate information and process
the deeper meaning of the content, ensuring that
the tracking data reflects high-level cognitive en-
gagement.

To minimize motor-induced noise and improve
data quality, we introduced three critical func-
tional improvements to the original MoTR paradigm.
These modifications were specifically designed to
ensure that the mouse movements reflect the user’s
mental focus as accurately as possible.

Row-Level Gatekeeper System: We imple-
mented this system (see Figure 2a) to separate
actual reading time from the "noise" created dur-
ing line transitions. In standard reading, the time
spent moving the cursor from the end of one line
to the start of the next (the "return sweep") does
not represent text processing and implies a signif-
icant amount of noise. By using neutral-colored
trigger boxes to "unlock" and "lock" each row, we
ensure that we only record the time when the user
is actively engaged with the words on that specific
line.

Vertical Axis Constraint (OY lock): This fea-
ture (visualized in Figure 2b) was added to pre-
vent the cursor from drifting vertically between rows.
During our initial observations, we noticed that par-
ticipants have different levels of manual dexterity;

Metric Raw Z-score Log Hertz
Total Duration 0.13 0.13 0.07 0.23
First Duration 0.08 0.08 0.07 0.17

Table 1: Pearson correlation coefficients across
different normalization techniques on MoTR and
ET means.

without a lock, the cursor would often slip off the
line, making the data messy and adding cognitive
effort to the participant. By locking the vertical axis,
we force the "spotlight" to stay perfectly centered
on the text, ensuring that the recorded movement
reflects the user’s cognitive progress rather than
accidental hand instability.

Nonlinear Navigation and Snapping: To al-
low for natural reading habits, such as going back
to re-read a word, we developed a click-and-drag
mechanism. When a user wants to re-read a part
of the text, they simply hold the click and drag to
the word that they want to read again. When the
mouse button is released on the specific word, the
cursor automatically "snaps" to the row and reacti-
vates the vertical lock. This modification helps the
user to move freely through the text while keeping
the data structured and perfectly aligned with the
rows.

3.2. Data Pipeline and Predictive
Modeling

Both MoTR and ET recordings were processed us-
ing the same pipeline to ensure they could be com-
pared directly. We used unique word identifiers to
align the tracking signals with each specific token
in the text. To model genuine reading behavior,
we filtered out data points that were too short to
represent cognitive effort—specifically durations
under 160 ms for MoTR and 80 ms for ET. These
thresholds account for the natural physical limits of
the hand and the eye (Rayner, 1998; Card et al.,
1983), removing "noise" from the dataset.

Statistical analyses of reading times often en-
counter ’long-tail’ distributions in raw millisecond
data, which can distort linear correlations (Kliegl
et al., 2004b). While log-transformations are a
standard approach for variance stabilization and
Z-score normalization is frequently used for scale
alignment, the latter remains a linear transformation
that fails to address the underlying non-normality
and skewness of the data, we explore as an alterna-
tive the projection of these durations into the veloc-
ity domain (Hertz). This transition is achieved by in-
verting the temporal duration (d) recorded for each
word using the formula Hz = 1000/d, effectively
converting ’time spent’ into ’processing speed’. As
demonstrated in Table 1, this approach aims to
provide a more robust basis for cross-modal com-
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Figure 3: MoTR and ET duration distributions in ms
(left) and Hz (right). The Hz projection aligns core
densities and stabilizes MoTR variance, while ET’s
extended tail reflects superior ocular velocity.

parison—referring here to the statistical alignment
between the ocular (ET) and manual (MoTR) track-
ing signals. By doing so, we seek to normalize the
mechanical lag between hand and eye movements
into a unified, speed-based metric that may better
reflect the underlying cognitive pace.

Converting to Hertz (speed) balances these val-
ues, making the data more consistent and easier
for our models to process. Also, projecting the data
into a velocity space (speed) makes the mouse and
eye signals look more alike (Figure 3). This trans-
formation helps the model to focus on the overall
"pace" of reading, which we found to be a more
stable signal for predicting eye movements from
mouse data.

The predictive Baseline employs a Random For-
est Regressor with 100 estimators and a minimum
leaf size of 10 selected for its robustness in handling
heterogeneous features and its capacity to capture
non-linear interactions between lexical attributes
without assuming a specific data distribution. We
compared two distinct configurations to evaluate
how different types of information affect the predic-
tion of reading speed. This model uses basic word
features, such as Zipf frequency (Speer and Chin,
2021), which provides a logarithmic measure of
word commonality on a scale (typically 0-8) rather
than raw occurrence counts, word length, and syl-
lable count (Kozea, 2025) that utilizes Hunspell
hyphenation rules to account for the phonological
complexity of each token.

To capture "spillover effects", where the difficulty
of a previous word affects the current one, the
model considers a window of two words before
and one word after the target token. While the
semantic embeddings are decontextualized, the
situational context is explicitly modeled through
this sliding window of linguistic features. Specif-
ically, the regressor is provided with the left context
(frequency and length of t-1,t-2) and right context
(the immediate succeeding word t+1), alongside
the relative position of the word within the para-
graph. To enhance the baseline by adding seman-
tic context we decided to make a Fusion Model

Figure 4: Global reading metrics comparison be-
tween MoTR and ET. The manual modality (MoTR)
exhibits a significantly higher fixation rate (73.6%),
while spontaneous regressions are more frequent
in eye-tracking (21.7%), reflecting the mechanical
differences between cursor-based and ocular read-
ing behaviors.

with our Random Forest Regression and BERT
(bert-base-multilingual-cased). To han-
dle tokenization, each word was processed as an
independent sequence from which we extracted the
hidden state of the [CLS] token from the final hidden
layer. This captures the highest level of semantic
abstraction and serves as a pre-computed aggre-
gate representation for all sub-word units generated
by the tokenizer for that specific word. To maintain
model efficiency and robustness, we utilized Prin-
cipal Component Analysis (PCA) to condense the
768-dimensional BERT embeddings into 32 prin-
cipal components, retaining 95% of the semantic
variance while significantly reducing the feature
space (Takeshita et al., 2025). This dimensional-
ity reduction prevents the Random Forest Regres-
sor from overfitting to the high-dimensional noise
often found in large embeddings, thereby ensur-
ing the model generalizes better to unseen texts
rather than simply memorizing the training data.
The models were trained and tested using an 80/20
split. Performance is reported using Spearman’s
rank correlation (ρ) and Pearson’s (r) to measure
the alignment between predicted and real reading
speeds, along with Mean Absolute Error (MAE) to
track the average prediction gap.

4. Results and Discussion

4.1. Behavioral Analysis and Signal
Validations

The fundamental behavioral discrepancies be-
tween the two tracking modalities are illustrated
in Figure 4. In this context, we define the fixation
rate as the percentage of unique tokens receiving
at least one tracking event, while the regression
rate represents the proportion of words revisited
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through backward movements. MoTR and ET ex-
hibit divergent reading signatures: MoTR shows a
significantly higher fixation rate (73.6%) compared
to ET (29.6%), whereas ET reveals a much higher
regression rate (21.7%) than MoTR (7.9%). The
data indicates that the MoTR paradigm enforces
a linear reading trajectory, which directly accounts
for the higher fixation rate observed. While ocu-
lar reading is rapid and almost effortless for text
scanning, the manual interface requires a delib-
erate line-by-line progression. Consequently, the
regression rate is significantly suppressed in MoTR
because manual cursor repositioning imposes a
substantial physical and cognitive load on the par-
ticipant. Because the overall time spent on each
token is inherently higher in the mouse-tracking
modality, users may achieve deeper initial process-
ing, resorting to backward movements as a last
resort only when comprehension is critically chal-
lenged. In essence, the mechanical effort of the
hand serves as a filter that occurs only in the most
cognitively necessary regressions.

To quantify the initial alignment between the
two modalities, we calculated Pearson correlations
based on the means of all participants. As detailed
in Table 1, projecting reading metrics into the veloc-
ity domain (Hz) almost doubles the alignment for
total duration, rising from r = 0.13 to r = 0.23. This
improvement suggests that processing speed pro-
vides a stable basis for cross-modal comparison
than raw temporal data, as it successfully com-
pensates for the mechanical inertia and the inher-
ent gap between hand and eye movements. This
alignment is further reinforced by analyzing the
Word Length Effect, a standard psycholinguistic
benchmark (Rayner, 1998). As illustrated in Figure
6, the correlation in the velocity domain reaches
r = 0.95 for the total duration and r = 0.89 for the
first duration, providing strong empirical evidence
that our enhanced MoTR framework reflects the
same fundamental linguistic processing speeds as
high-fidelity eye-tracking.

4.2. Predictive Performance and
Behavioral Consistency

To establish a framework for evaluating our results,
we first defined an empirical upper bound through
an inter-participant consistency analysis. We opted
for this pairwise consistency measure over tradi-
tional split-half reliability to more effectively assess
the robustness of the MoTR signal across the par-
ticipant pool. Given our sample size, the pairwise
approach ensures that the consistency estimate
remains independent of arbitrary data partitioning,
whereas split-half reliability would have been sus-
ceptible to selection bias. As illustrated in Figure 5,
the MoTR signal maintains an average inter-reader

Figure 5: Intra-method Consistency: Inter-
participant correlation matrices showing the behav-
ioral upper bound for both modalities. The corre-
lation has been measured between shifted sub-
groups (Subjects 1-8 vs. Subjects 2-9) to avoid
self-correlation.

correlation of r ≈ 0.46. Since the correlation be-
tween two human readers within the same modality
represents the natural ceiling of behavioral similar-
ity, it is statistically unrealistic to expect a cross-
modal predictive model to significantly exceed this
threshold. When viewed against this benchmark,
our model’s performance—reaching a Spearman
ρ = 0.34 for the ET → MoTR direction and ρ = 0.22
for the MoTR → ET direction demonstrates that
our approach is capturing a meaningful portion of
the shared cognitive signal. The predictive results,
summarized in Table 2, further reveal that the Fu-
sion Model consistently outperforms the linguistic
baseline across all scenarios and normalization
strategies. While the standard log-transformation
stabilizes variance and improves alignment over
raw millisecond data (e.g., increasing the MoTR →
ET correlation from 0.17 to 0.20), the best results
are observed in the velocity domain (Hz). This su-
periority confirms that semantic context, provided
by BERT embeddings, is important for bridging the
inherent gap between motor and ocular behaviors.
While the baseline model relies on surface-level
features like word length, the Fusion Model uses
contextual information to account for the "cognitive
lag" between the eye’s near-instantaneous move-
ment and the hand’s more deliberate cursor control.
This integration is particularly evident in the velocity
domain (Hz), where the alignment reaches its peak.
By projecting both signals into a unified velocity
space, we enable a more effective alignment be-
tween BERT-derived semantic representations and
the observed reading pace, successfully bridging
the mechanical gap between hand and eye move-
ments. These results support the use of MoTR as
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Figure 6: Psycholinguistic Validation: Word Length Effect comparison between ET and MoTR in the
Velocity Domain (Hz), showing a near-perfect alignment (r = 0.95).

Raw Temporal (ms) Log-Transformed Velocity Domain (Hz)
Validation Scenario Base (ρ) Fusion (ρ) Base (ρ) Fusion (ρ) Base (ρ) Fusion (ρ)
MoTR → MoTR (Internal) 0.54 0.53 0.57 0.58 0.56 0.58
MoTR → ET (Cross-Modal) 0.16 0.17 0.19 0.20 0.20 0.22
ET → ET (Internal) 0.40 0.41 0.42 0.44 0.41 0.43
ET → MoTR (Cross-Modal) 0.26 0.34 0.27 0.35 0.27 0.34

Table 2: Performance comparison (Spearman ρ) across raw temporal (ms), log-transformed, and velocity
(Hz) domains. Bold values indicate the best performance for each scenario.

a viable proxy for eye-tracking, providing a scalable
alternative for capturing cognitive signals in NLP
research.

5. Conclusion

In this study, our findings suggest that Mouse-
Tracking (MoTR), when augmented with spe-
cific technical and methodological enhancements,
shows potential as a scalable alternative to Eye-
Tracking (ET) in cognitive NLP tasks. The imple-
mentation of the Row-Level Gatekeeper system
and the vertical axis constraint were designed to
isolate cognitive signals from motor-induced noise.
Participants enjoyed these enhancements, who
reported an intuitive and natural reading experi-
ence. These architectural modifications ensured
that the recorded cursor trajectories reflect the
reader’s mental state rather than accidental hand
instability or mechanical artifacts from row transi-
tions. Our findings highlight that Hertz transforma-
tion can attenuate the skewness of the data and im-
prove the linear relationship between reading times.
By projecting raw durations into a unified velocity
domain, we achieved an alignment regarding the
Word Length Effect (r = 0.95), providing additional
proof that MoTR captures similar underlying linguis-
tic processing speeds as professional-grade eye-
tracking hardware. Furthermore, the integration

of semantic context through the BERT-enhanced
Fusion Model was intended to capture additional
linguistic nuances and incorporate contextual in-
formation that surface-level features alone may
not fully represent. The proximity of our model’s
performance (ρ = 0.34) to the empirical ceiling of
inter-participant consistency (r ≈ 0.46) suggests
that the predictive results are nearing the upper
bound defined by inherent human behavioral vari-
ance. Ultimately, this research adds towards to
Mouse Tracking framework for democratizing ac-
cess to high-resolution cognitive signals.

By removing the financial and logistical barriers
associated with traditional eye-tracking, our pro-
posed changes to the MoTR paradigm can further
aid the collection of large-scale, crowdsourced cog-
nitive datasets. Future work will focus on expanding
this validation to cross-linguistic settings and inves-
tigating the utility of these signals in low-resource
language modeling.

6. Limitations

Several limitations must be acknowledged. First,
the participant pool consisted of 9 subjects per
modality; a larger and more diverse demographic
sample would further strengthen the generalizabil-
ity of these findings. Second, mechanical hand
inertia remains a significant factor. The hand is fun-
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damentally slower than the eye, as evidenced by
higher fixation rates (73.6%) and lower regression
rates (7.9%) in MoTR compared to ET. Manual re-
gressions are mechanically unnatural and require
more physical effort, while the necessity of synchro-
nizing hand and eye movement slows the reading
pace, potentially facilitating better initial compre-
hension and reducing the need for backward move-
ments.

Furthermore, it should be noted that this study
did not include a direct performance comparison
between the original, unmodified MoTR framework
and our enhanced version. Consequently, while
our results are promising, the specific contribution
of each individual refinement—such as the vertical
axis constraint or the gatekeeper system—remains
to be empirically quantified in future ablation stud-
ies. Finally, this study focused exclusively on Roma-
nian texts from the MultiplEYE corpus. Expanding
this methodology to different writing systems, such
as right-to-left (RTL) languages, would necessitate
structural adaptations to the Row-Level Gatekeeper
system to accommodate reversed reading direc-
tions and navigation patterns.

7. Ethical Considerations

Data collection followed the Declaration of Helsinki
and GDPR standards. Participants provided writ-
ten informed consent and were briefed on their right
to withdraw. Raw data were pseudonymized at the
point of collection, and no personally identifiable in-
formation was utilized during the modeling. Stimuli
consisted of standardized MultiplEYE texts, appro-
priate for research and free from harmful material.
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Abstract 
This paper described the use of eye-contact and facial expression tracking as part of a comprehensive approach 
to assertiveness training in a VR-based anti-bullying simulation environment. We briefly discuss the psychological 
foundations of assertiveness and then focus on our approach to tracking the facial expressions and eye-contact 
that a user maintains while communicating with the virtual bully in the simulation. We also outline additional non-
verbal indicators tracked by the software and discuss the dialog system, which drives the simulation. Finally, we 
outline some ethical considerations, discuss the limitations of our current software prototype, and list future 
directions for enhancing assertiveness training in anti-bullying education. 
 
Keywords: eye-contact, emotion tracking, personal space, voice level, AI dialog, assertiveness, anti-bullying, VR 

1. Introduction 
Bullying is a pervasive societal problem impacting 
people of all ages, genders, and ethnicities. It is 
characterized by a pattern of repeated intentional 
physical or psychological assault or abuse of 
another individual or a group of individuals. At its 
core, bullying is based on a real or perceived 
imbalance of power between the bully and the 
victim(s). Bullies “desire power and dominance 
over their peers” (Olweus, 1997). Victims tend to 
be sensitive, introverted, and lack assertiveness, 
which “leaves them lonely and increases their 
insecurities“ (Olweus, 1997). Many studies have 
demonstrated that one of the most effective ways 
of addressing bullying is at a young age, before 
the harmful traits of bullies (cruelty, 
aggressiveness, domineering, lack of empathy, 
etc.) and victims (insecurity, anxiety, low self-
esteem, etc.) become engrained into children’s 
personalities (Bijttebier & Vertommen, 2017; 
Cornell & Limber, 2015;  Cornell & Mehta, 2011; 
Eslea & Smith, 1998; Gaffney, Farrington, & Ttofi, 
2019; Gaffney, Ttofi, Farrington, 2019;  Griffin & 
Gross, 2004; Olweus, 1997; Olweus & Limber, 
2010). Unfortunately, decades of traditional 
psychological approaches have yielded very 
limited results. In recent years, software-based 
approaches to anti-bullying prevention and 
education have proliferated (BRIM; GoSpeakUp; 
HIBster; Stavroulia et al, 2016). Among those, 
virtual reality (VR) based anti-bullying projects 
have taken a lead role by providing an immersive 
educational experience (Barreda-Ángeles, 2021; 
Ingram et al, 2019; Ivanov & Ramos, 2020; Ivanov 
2022; Stavroulia et al, 2016; ClassVR; VR Action 
Lab; Upstander). VR-based anti-bullying 
education has been demonstrated to be at least 
as effective as traditional methods and much 
more engaging for the participating students. 

The most important aspect of anti-bullying 
education is training users to maintain confidence 
and assertiveness during a bullying confrontation. 
Assertive behavior is exhibited through a 
combination of behavioral traits such as keeping 
a firm posture at an acceptable social distance, 
using appropriate responses, delivered in a level 
tone of voice, and maitaining proper eye-contact.  

This paper describes our approach to VR-
based assertiveness training for anti-bullying 
education focusing on eye-contact- and facial 
expression tracking and their interaction with 
other assertiveness traits. We begin by briefly 
discussing the psychological underpinnings of 
assertiveness and explaining the architecture of 
our anti-bullying environment. We then describe 
the implementation of user eye-contact- and facial 
expression tracking and their relation to the NLP 
dialog system, which drives the simulation 
scenarios. The integration of eye-contact and 
facial expression tracking with other non-verbal 
traits tracking is briefly discussed. Finally, we 
outline directions for further research. 

2. Psychological Aspects of 
Assertiveness 

Assertiveness is an essential element of 
interpersonal interaction, the foundation of 
healthy relationships, successful careers, and the 
ability to stand up for oneself in the face of 
adversity. In the context of bullying, projecting 
self-confidence and assertiveness is a vital skill 
for resolving a bullying incident (Boket et al, 2016) 

Assertiveness is a communication style, which 
allows a person to express their opinions or 
feelings or to stand up for their rights while 
respecting the rights, feelings, and opinions of 
others. In contrast, an aggressive person puts 
their own feelings, opinions, and rights exclusively 
above those of others, while a passive/submissive 
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person puts the rights, opinions, and feelings of 
others above their own.  

Assertive communication has several traits: 

- Maintaining proper eye-contact with the other 
person while communicating 

- Preserving a calm, neutral facial expression 
- Respecting the personal space of the other 

communicator 
- Speaking in a calm, level tone of voice 
- Using appropriate vocabulary and avoiding 

the use of words and phrases that can be 
construed as aggressive or passive 

A well-structure assertiveness training 
program should emphasizes the combined use of 
these traits in interpersonal communication to 
help individuals learn to express their thoughts 
and ideas with a high degree of self-confidence 
(Eslami et all, 2014, Gündoğdu, 2012) 

3. Software Achitecture 
Our project implements a complex, first-person, 
VR environment for anti-bullying education of pre-
teens (ages 8 through 12). The software is 
implemented using the (Unity) game engine and 
consists of several modules, which present the 
user with different types of bullying challenges 
involving one- or multiple bullies (Figures 1 & 2).  
 

 
Figure 1: One-on-one bullying scenario. 

In some scenarios, bystanders may be 
present, who can be either sympathetic to the 
victim or side with the bully. The dynamics of the 
interaction and the strategies for a successful 
resolution depend on the number of bullies and 
the presence/absence and type of bystanders. 
Additional factors that the user must consider are 
the presence/absence of adults, who the user can 
ask for help, and the environment in which the 
bullying incident occurs. For example, the optimal 
strategies are different depending on whether the 
user is backed into a corner or standing in the 
open, where escape is a viable option. 

 
Figure 2: Multiple bullies bystander scenario. 

In addition to teaching children strategies for 
resolving bullying incidents, our software provides 
modules for training bystanders: These modules 
provide the user with the opportunity to 
experience bullying from a different perspective 
and learn essential techniques to assist a victim 
in diffusing a bullying situation.  

The initial prototype of our software is 
specifically designed for the training of pre-teen 
girls, who are subject primarily to verbal bullying. 
Physical bullying, which is much more common 
among young boys, is not modeled, though the 
user has the option to “punch” the bully. Doing so, 
however, leads to an unsatisfactory resolution of 
the bullying incident with both the victim and the 
bully being reprimanded by a virtual adult. 

4. Tracking Assertiveness 
Tracking the user’s assertiveness during a 
bullying incident requires the integrated, continual 
monitoring of all five assertiveness traits – proper 
eye-contact, calm facial expression, respect for 
personal space, use of positive, non-aggressive 
language, and an even tone of voice.  
 
4.1 Eye-contact 
Eye-contact is one of the most important aspects 
of assertive communication. It is a key indicator of 
the power dynamic between the individuals in 
real-life communication. Psychological studies 
have demonstrated that normal interpersonal 
communication is commonly bound by the “50-70 
rule”: A communicator should maintain eye-
contact 50% of the time while speaking and 70% 
of the time while listening. Moreover, normal eye-
contact should be maintained for 3 to 5 seconds 
at a time, and then the communicator should look 
away before resuming eye-contact. Looking away 
too quickly and not maintain steady eye-contact 
while communicating can be perceived as a lack 
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of self-confidence or even dishonesty, while 
maintaining uninterrupted eye-contact for more 
than 5 seconds at a time while speaking can be 
perceived as aggression. In the context of 
bullying, the rules of normal communication need 
to be altered in order to project strength and 
assertiveness in the face of aggression. Thus, it is 
necessary to maintain eye-contact more than 
50% of the time while speaking: 3 to 5 seconds of 
eye-contact followed by only a brief (0.5s to 2s) 
look-away period before eye-contact is resumed. 

Our implementation of the tracking of the 
user’s eye-contact with the virtual bully uses VR 
raycasting: An invisible ray (i.e., an unrestricted-
length Vector3 object) is projected forward from 
the center point between the user’s virtual eyes. 
The ray moves relative to the position and rotation 
of the parent object (i.e., the user’s VR headset). 
A trigger collider component is added around the 
eyes of the bully character. When the ray 
intersects the collider, a 5 second timer is 
initiated. If the user’s eyes do not shift away 
before the timer fires, a small yellow eye icon 
(Figure 3) is displayed to remind the user to look 
away. If the user’s gaze does not shift away from 
the bully for another second, a red icon is 
displayed as a final warning. If the user’s gaze still 
does not shift away from the bully’s “eyes”, the 
simulation scenario is terminated. 

Figure 3: Yellow eye-contact reminder icon. 

If the user’s gaze shifts away from the bully’s 
“eyes” before the 5 seconds timer expires, then 
the current timer value is compared to a 
predefined minimum (e.g., 3 seconds). If the timer 
value is smaller than the minimum, the yellow eye 
icon is displayed and blinks to remind the user 
he/she has not maintained their gaze on the bully 
long enough. If the timer value is within the 
specified range (3s to 5s), then the timer is reset 
with a 2 second value - the user must return their 
gaze back to the bully’s “eyes” before the timer 
runs out or risk being perceived as 
passive/submissive by the bully. If the user does 

not look up, then after 2 seconds, the yellow icon 
reminder is displayed again, followed by the red 
icon (Figure 4) reminder one second later. If the 
user still does not look up, the simulation is 
terminated with an appropriate explanation. 

 
Figure 4: Eye-contact icons. 

When looking away, the user must not look 
straight down, which can be perceived by the bully 
as a sign of weekness or submissiveness. To 
track this feature of eye-contact, a different trigger 
collider is placed directly in front and below the 
eye level of the user. If the user looks straight 
down, the raycast intersects this collider, 
triggering the display of a diffent attention icon – 
one with two arrow pointing sideways (Figure 5). 
This is a reminder to the user to look to either side 
instead of straight down. 

 
Figure 5: “Look to the side” icon. 

The eye-contact interaction timers are active only 
while the user or the bully are speaking. If no 
verbal communication is occurring, the user is 
free to look around.  
 
4.2 Emotive Facial Expressions 
Facial expressions are a form of nonverbal 
communication using the movement of facial 
muscles. Along with eye-contact, facial 
expressions constitute a crucial aspect of 
communication since they often accurately reflect 
an individual’s emotional state (American 
Psychological Association). We focused on seven 
universal emotions - anger, happiness, sadness, 
fear, contentment, disgust, and surprise (Stichter 
et al, 2011). Each of those emotions is expressed 
by facial expressions, which result from the 
movement of specific facial muscle groups – 
lowering or raising of the eyebrows, squinting or 
opening of the eyelids, curving the mouth corners 
up or down, etc.   

Conveying emotion through facial expressions 
not only serves the purpose of expressing feelings 
but also influences the behaviors of others 
(Frontiers). For instance, if the facial expression 
of one communicator displays anger, then the 
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other communicator may react with fear. 
Moreover, different facial expressions and gaze 
patterns can alter the interpretation of a person’s 
speech. For example, if an individual verbally 
expresses something positive but their facial 
expression indicates disgust or anger, then the 
overall message may be perceived as sarcasm. 
Speakers often produce visual cues that 
demonstrate their confidence level. Speakers with 
lower confidence are more prone to exhibit a 
distressed facial expression often accompanied 
by an averted gaze. Understanding  the interplay 
between verbal and nonverbal cues is essential to 
the accurate modeling of natural communication.  

Children are especially sensitive to non-verbal 
emotional communication. In (Fox et al, 2017), the 
correlation between facial emotion recognition 
skills and the behavior of young adolescents in 
bullying situations was investigated. It was 
revealed that fear was highly recognized and 
could potentially aid aggressive individuals in 
identifying vulnerable victims. In situations where 
no bystanders are present, fear, anger, sadness, 
and disgust might empower the bully by signaling 
weakness in a victim. Conversely, if bystanders 
are present, the detection of fear and sadness 
may elicit empathetic concern for the victim and 
increase the likelihood of bystander intervention. 

Our VR anti-bullying environment employs the 
eye-tracking and facial expression tracking 
features of the Meta Quest Pro headset and 
Meta’s (Movement SDK) to process in real-time 
the user’s emotional reactions to the bullying 
conversation and notify the user if the displayed 
emotion is counterproductive to resolving the 
bullying incident.  

For each of the universal emotions from 
(Stichter et al, 2011), we developed numerical 
range representations. To do this, we used the 
Meta’s avatar “Aura” (Figures 6) to approximate 
the facial expressions corresponding to the basic 
emotions by adjusting the avatar’s blendshapes 
including eyebrow raising/lowering, jaw dropping, 
and lip-, cheek- and eye movements. For each 
facial expression, we recorded the weight ranges 
of every adjustable blend-shape connected to the 
skin meshed renderer on the avatar’s face. 
Establishing these weight ranges involved careful 
considerations: Each facial expression is a 
combination of facial movements occurring 
simultaneously. Thus, we had to ensure that in 
each case the weights were strong enough to 
avoid interference with other expressions sharing 
similar facial movements. Additionally, we 
grouped expressions in a manner that prevents 
activation through speech or subtle facial 
movements. Additional finetuning was required 

once we started testing against actual human 
expressions during the simulation.  

 
Figure 6: Facial expressions expressing different 

emotions 

At run time, we use the Meta Quest Pro’s five 
inward-facing infrared cameras and Meta’s 
Movement SDK to track the actual facial 
expressions of the user, comparing the recorded 
values to predefined emotional range sets. When 
a facial expression, which is counterproductive to 
the anti-bullying effort is detected, a small icon is 
displayed to remind the user to control their 
emotions as best as possible (Figure 7). 

 

 
Figure 7: Emotion icon displayed to the user 

 
4.3 Other Non-Verbal Features 
4.3.1 Personal Space 
Maintaining an appropriate distance and 
respecting the personal space of others is an 
essential aspect of communication. In the 1960s, 
the anthropologist Edward Hall conducted 
extensive research on the relationship between 
communication distance and the type of 
communication (Hall, 1963). He defined four 
types of separation during communication: 
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- Intimate distance: from less than an inch to 
about 18 inches 

- Personal distance: approximately 2 to 4 feet 

- Social distance: approximately 4 to 12 feet  

- Public distance: 12 to 25 feet or more 

The distances between the bully and the victim 
during a bullying incident are usually dictated by 
the bully: Typically, the initial confrontation begins 
at a social distance of 8-12 feet, but if the 
confrontation escalates, the distance can quickly 
decrease to less than a foot. 

It is crucial that the victim attempts to preserve 
a social- or at least a personal distance during the 
confrontation. This is a delicate balance: If the 
victim steps too far back, the move can be 
perceived by the bully as a sign of weakness. On 
the other hand, the victim’s stepping forward or 
refusal to step back can be perceived as 
aggressive and lead to a further escalation of the 
conflict. The victim must attempt to preserve the 
distance established at the beginning of the 
conflict, taking a step back or sideways only if the 
distance shrinks rapidly and stepping forward only 
after the incident has been resolved. 

Our implementation of personal space tracking 
involves the use of trigger colliders. A minimum 
distance collider is placed around the victim. The 
radius of the collider is based on the bullying 
scenario: In one-on-one bullying, the minimal 
distances are usually 2ft to 4ft. In many-on-one 
bullying, the minimal distance is somewhat larger 
(3ft to 6ft) and depends on the number of bullies 
and bystanders. Each bully is programmed to 
move based on the state of the bullying dialog: If 
the exchange escalates, the bully is programmed 
to take one or more steps towards the user. If the 
dialog moves towards an acceptable resolution, 
the bully is programmed to take a step back. The 
user is expected to attempt to keep the bully 
outside the minimum distance. If a bully crosses 
into the minimum distance collider, a small red 
icon is displayed (Figure 8) promtping the user 
take a step back until the bully is outside the 
minimum distance collider. A second, larger 
trigger collider around the player displays a yellow 
icon if the player backs off too far from the bully or 
attempts to flee (Figure 9). The radius of that 
collider is usually set to 8ft. The maximum 
distance collider is disabled in certain training 
scenarios when escape is a viable alternative. In 
general, however, the player must keep the bully 
between the larger (max-distance) collider and 
the smaller (min-distance) collider until the conflict 
has been resolved. 

Figure 8: Red icon prompts the user to step back 

Figure 9: Yellow icon prompts the user to stop 
backing up and take a step forward 
 

4.3.2 Tone of Voice 
Assertive communication requires an even, 
sufficiently loud tone of voice. A quiet voice can 
be construed as a sign of weakness, whereas too 
loud a voice can be perceived as aggressive. 
Additionally, excessive fluctuations in the vocal 
pitch and loudness can be a sign of emotional 
distress. A confident voice exhibits relatively 
small, smooth fluctuations in pitch and loudness.  

 We use a script to capture live feed from the 
headset’s microphone and measure the loudness 
and frequency spectrum of the user’s voice: When 
the user approaches the bully, the script begins 
capturing sets of microphone input samples. The 
microphone signal is passed through a low pass 
filter to cut out background noise and frequencies 
that do not correspond to human speech (80Hz to 
255Hz for adults and 250Hz to 400Hz for 
children). We use the GetSpectrumData() and 
GetData() methods of Unity’s Audiosource and 
AudioClip classes to obtain the loudness and 
frequency data from the microphone samples. 
The loudness data is used to control a small 
volume bar icon, which changes color from green 
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(appropriate volume) to yellow (slightly low/high) 
to red (very low/high). The scale of the sound bar 
shows if the user is talking too quietly (partially-
filled red or yellow bar) or too loudly (completely 
full red or yellow bar) (Figure 10). 

Figure 10: The user is too far, speaking quitely 
and looking at the bully too long. 

 
4.4 The Verbal Communication System 
The most important aspect of any anti-bullying 
training environment is the dialog system. While 
impactful, non-verbal cues usually cannot, by 
themselves, resolve a bullying situation. 
Therefore, it is imperative to implement a verbal 
communication system, which teaches the user 
how to succesfully deal with bullying incidents.  

Most anti-bullying education has traditionally 
revolved around scripted dialogs, where the user 
is taught how to respond to specific bullying 
taunts. Our approach is to let the user try, and fail, 
and eventually succeed in resolving the situation 
on their own. After each session, we provide 
guidance as to how the situation could have been 
handled better. But the goal is to let the user 
determine for themselves what works.  

To implement the verbal communication 
system we use the Microsoft (Speech SDK) to 
provide real-time text-to-speech (tts) and speech-
to-text (stt) functionality and OpenAI’s (ChatGPT) 
to act as a “bully” as well as to evaluate the user’s 
responces. The conversation is initiated by the 
“bully” when the user crosses the bully character’s 
proximity collider. We prompt ChatGPT to 
generate a child-like taunt, which is then passed 
to the tts system to play the taunt to the user. The 
system waits for the user to respond and, once 
the response is received, it is converted to text 
and passed to ChatGPT along with a prompt ”In 
one word, is this sentence positive, negative, or 
neutral”. Depending on the estimated polarity of 
the user’s response, ChatGPT is instructed 
further to act either in a more adversarial- or a 
more friendly manner. The dialog is usually short 
– no more than 5-6 bully-user exchanges. 

The user’s success or failure is judged by a 
point system which combines the weighted scores 
from the verbal exchange as well as from the 
various non-verbal cues displayed during the 
simulation. The point systems takes into account 
the interaction between the verbal and non-verbal 
communcation: For example, if the user responds 
positively to a bully taunt while exhibiting a 
positive or neutral facial expression, an additional 
positive point is awarded. Conversely, if the 
positive response is accompanied by a negative 
facial expression, an extra point is subtracted. 

 

5. Conclusion 
This paper describes the methodologies used for 
tracking of user assertiveness and teaching 
assertive communication skills in a complex VR-
based anti-bullying training environment. The 
software integrates verbal and non-verbal 
interaction tracking including eye-contact, facial 
expressions, personal space, tone of voice, as 
well as appropriate verbal commumication. Each 
of these topics is very complex and requires a 
significant amount of future adjustments. 

Much work remains to be done on refining our 
tone-of-voice algorithms. Notably, frequency 
spectrum inconsistencies and loudness 
fluctuations can be due to overlapping 
background noise frequencies as well as 
vocalization artifacts such as exclamations and 
prosodic pauses. 

Refinements will be added to the eye-contact 
tracking methodology as well: When facing 
multiple bullies, it is important that the victim 
keeps shifting their gaze from one bully to the next 
rather than focusing on a specific bully. Doing so 
is even more important in the presence of 
bystanders since engaging bystanders through 
eye-contact is likely to establish a more personal 
connection and help bring the bystander to the 
victim’s side. Implementing an eye-contact 
tracking methodology which encourages gaze 
shifting is one of the next goals of our project. 

Eye-contact and facial expressions tracking 
are not the only aspects of body-posture 
assertiveness. Gestures such as crossing one’s 
arms, leaning forward, or slumping are implicit 
expressions of assertiveness, aggression, or 
submissiveness. The limited availability and high 
cost of full-body VR suits makes integrating the 
tracking of such gestures infeasible for the 
moment. However, one of our immediate next 
steps will be adding the tracking of hand-gestures, 
such as raising one’s fists. 
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Finally, we hope to expand the use of our 
assertiveness tracking methodology beyond anti-
bullying training. Assertiveness is a valuable trait 
in any human interaction and creating a stand-
alone software environment to teach 
assertiveness in different social settings (e.g., 
negotiating for a salary raise, asking someone on 
a date, or debating a topic with friends) will be a 
beneficial endeavor for society as a whole. 

 

6. Ethical Considerations and 
Limitations 

Bullying is a highly complex and sensitive topic. 
Any anti-bullying methodology needs to be 
carefully vetted by one or more qualified 
institutional review boards (IRB) and undergo a 
thorough testing by qualified professionals. Large-
scale deployment should only be attempted after 
a series of smallest test studies involving limited 
groups of testers, beginning with psychology 
experts and eventually moving towards target 
audience participants. Our software is still in its 
prototype phase and a review by our IRB is still 
pending.  

There are many areas of concern: Foremore 
among them is the reliability of Generative AI 
acting as a simulated bully. While the ChatGPT 
prompts that drive the simulation are carefully 
vetted, there are no assurances as to what 
responces ChatGPT (or any other LLM) will 
generate. It is, therefore, virtually impossible to 
guarantee that a particular response will not be 
inappropriate or harmful, especially to a child 
participant.  

Any bullying situation – even a simulated one 
– can be very stressful to some individuals and 
even more so to children. Part of the reason we 
opted for VR instead of an augmented/mixed 
reality simulation was because some of the stress 
can be mitigated by using characters and 
environments that are intentionally designed to 
look somewhat cartoonish and not hyper-realistic. 
Adopting this design approach provides the 
simulation with a more game-play atmosphere 
that aleviates some of the stress of participating 
in the training. Regardless, it is highly 
recommended that a qualified professional – 
either a psychologist or a school counselor – 
observe the training session and be ready to 
intervene if the participant exhibits signs of strong 
emotional distress. 

It is well known that VR causes vertigo in some 
individuals due to vection - the (often subcontious) 
illusion of motion while seated. Our simulation 

software has been designed with the aim of 
minimising VR discomfort for the user. We provide 
smooth motion, avoiding sudden/jerky camera 
movements, and do not use teleportation. We do 
our best to avoid bringing up peripheral visual 
stimuli, though this is occasionally difficult or 
impossible to do given the complex nature of the 
simulation environement, involving numerous 
virtual characters and moving objects. Once 
again, the vigilance of a school psychologist or 
counselor is necessary to ensure that the 
participants do not suffer from the effects of VR-
induced motion sickness. 
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Abstract

The task of identifying the location that a user looks at, commonly known as gaze estimation, has various HCI
and NLP applications. Traditional gaze estimation methods use special hardware such as eye-trackers or ordinary
cameras such as webcams to perform this. However, they are not applicable to the majority of web users either
because the user does not have them or does not want to use them due to privacy reasons. In this paper, we propose
the idea of using multimodal LLMs to analyze the content of the user’s screen along with mouse location to estimate
the gaze location. It primarily uses the results of studies that extract common reading patterns such as the F-pattern
and Z-pattern. Our experimental results on The Eye Of The Typer (EOTT) dataset provide promising results for
estimating gaze location.

Keywords: Gaze Estimation, LLM

1. Introduction

Reading online sources such as news, documenta-
tion, and long-form articles has become a dominant
mode of everyday information consumption. Esti-
mating where the user is looking on a webpage,
which is usually referred to as gaze estimation or
prediction, provides a direct signal of attention. This
will enable a range of HCI and NLP applications,
including saliency modeling (Buscher et al., 2009),
adaptive interfaces, and improved placement (or
suppression) of distracting elements(e.g., adver-
tisements) (Owens et al., 2011).

Gaze prediction data also offer a valuable su-
pervision signal for language understanding tasks,
because reading behavior reflects how users allo-
cate attention across words, headings, and images.
Despite its value, gaze estimation remains difficult
to deploy at scale: high-quality eye trackers are
expensive, sensitive to setup conditions, and rarely
available in naturalistic browsing settings.

To reduce cost and deployment friction, previous
work has studied proxies and constraints for gaze
estimation while the user is browsing. Reading
often produces structured scan-paths shaped by
page layout (commonly described by patterns such
as F-shaped or Z-shaped scanning). These reg-
ularities can be leveraged to constrain gaze infer-
ence (Soegaard, 2021; Lorigo et al., 2008). Other
studies have analyzed the relation between gaze
location and interaction logs. They showed that
mouse movements and clicks correlate with atten-
tion during navigation and reading (Huang et al.,
2012; Navalpakkam et al., 2013). They used clas-

sical machine learning models to predict gaze from
such signals.

Webcam-based systems such as WebGazer1 fur-
ther illustrate that gaze can be predicted without
dedicated hardware, though accuracy can vary with
calibration and user/environmental factors (Papout-
saki et al., 2018).

Motivated by these precedents, we tried to deter-
mine whether multimodal large language models
(LLMs) can predict gaze in a naturalistic browsing
setting without any special hardware such as eye
trackers or even webcams. Our idea focuses on
previous findings in regard to reading behaviour
and temporal continuity. We report our preliminary
results in this paper. Concretely, our contributions
are:

1. Prompt-driven gaze prediction: encoding read-
ing scan-pattern priors and temporal smooth-
ing constraints into a system prompt and en-
forcing structured JSON outputs (coordinates,
attention-pattern label, reasoning-mode label,
and confidence).

2. Two evaluation conditions: full-video prediction
from screenshot sequences, which does not
need any actual gaze location data, and a per-
frame setting that conditions each prediction
on the actual gaze location in the previous
frame. 2

1webgazer.cs.brown.edu/
2The second condition aims to remove the effect of

previous prediction errors (accumulated error) in predict-
ing the gaze in the next frame, i.e., isolating the effect of
temporal anchoring.
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3. Quantitative metrics and analysis: We report
pixel-level error and region-level accuracy, and
analyze how model-reported confidence re-
lates to error; this includes failures in low-
information cases such as empty and calibra-
tion pages.

2. Related Work

Our work lies at the intersection of (i) mouse-based
proxies for gaze and attention, and (ii) learning-
based models of gaze and reading behavior. We
briefly review both areas and position our contribu-
tion in relation to them.

2.1. Mouse Proxy for Gaze/Attention
Human-computer interaction has long grappled
with the challenge of whether the cursor trace, in-
cluding mouse movements, hovers, and clicks, can
be used to estimate where the user is looking and
what they are attending to.

Huang et al.’s (2012) work on web search con-
cerns the context dependency of gaze and cur-
sor alignment and demonstrates how gaze predic-
tion benefits from the inclusion of behavioral fea-
tures rather than just the cursor position. Perhaps
most interestingly, their results suggest that the
lag between the two is consistent, with the cur-
sor lagging behind the gaze by close to 700ms
on average, which in turn supports the intuitive
idea that users tend to look ahead of their mouse
movements (Huang et al., 2012; Milisavljevic et al.,
2021).

Related results have also been presented in
search and browsing settings where eye and mouse
movements are modeled explicitly over time and
page structure. Navalpakkam et al. (2013) demon-
strate that, in non-linear page structures, mouse
movements can be used for predicting attention
patterns, even though they also exhibit systematic
discrepancies depending on the task and state of
interaction. Guo and Agichtein (2010) also present
results on gaze prediction based on mouse move-
ments in web search settings. They emphasize the
importance of inferring the dynamic coordination
between gaze and mouse movements.

More recently, Popescu and Nisioi (2025) pro-
pose the Mouse Tracking for Reading (MoTR)
method for predicting the reading time. They
blurred the text except for under the mouse cursor,
which allows them to estimate reading times based
on mouse movements. The authors show that the
reading times obtained with MoTR capture stan-
dard psycholinguistic effects and are predictable
using lexical features and transformer models. Al-
though MoTR provides evidence for the viability of
mouse tracking for reading analysis, it does not di-

rectly validate mouse traces against simultaneous
eye tracking, nor does it attempt gaze estimation.
Therefore, it is not trying to predict gaze from mouse
tracking data, which is our main idea in this paper.

2.2. Learning-based modeling of gaze
and reading behavior

A second line of work involves the use of machine-
learning methods for modeling eye-tracking out-
comes from linguistic and interactive features.
Alves (2025) benchmarks LLM-based methods
for predicting eye-tracking reading-time measures
(first-fixation duration, gaze duration, total fixation
time). Their results show a high variance in pre-
dicting such values. That work focused on tempo-
ral effort signals (durations), however, rather than
predicting the gaze (spatial gaze coordinates) on
rendered pages.

Another proposed idea for performing scalable
gaze estimation without the use of eye-tracking
devices is to use webcams for gaze prediction. Pa-
poutsaki et al. (2016) demonstrate the viability of
the method using the WebGazer tool, which utilizes
self-calibration based on user interactions for the
estimation of the gaze location using commodity-
grade webcams. They also released The Eye Of
The Typer Dataset (EOTT)3, which provides a col-
lection of synchronized screen recordings, mouse
movements, and eye-gaze locations for different
tasks (Papoutsaki et al., 2018).

Recently, Ahmadzadeh (2024) used classical su-
pervised methods to predict gaze location or areas-
of-interest (AoI) using interaction traces (mouse
and keyboard events) only. The results show that
predicting AoI is much more accurate than predict-
ing exact coordinates. The present paper is one
example of such work (Ahmadzadeh, 2024).

2.3. Positioning of the present work

In comparison with related gaze prediction studies,
our approach does not rely on a uniform mouse-
gaze mapping but rather uses mouse traces as an
additional cue. It emphasizes layout-driven read-
ing priors and temporal continuity. Compared with
ML/NLP methods that predict reading-time-related
quantities (Michaelov and Levy, 2026), we predict
spatial gaze location from screenshots. We use
two metrics to measure our accuracy: pixel-wise
error and region-wise accuracy. As to methodol-
ogy, we also examine how the accumulated errors
of multimodal LLMs during gaze prediction reduce
accuracy over the duration of the task.

3https://webgazer.cs.brown.edu/data/
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3. Our Proposed Method

We propose a prompt-driven gaze prediction frame-
work that targets an article-reading scenario. The
framework (i) specifies attention-pattern priors and
temporal smoothing constraints through an LLM
prompt, and (ii) evaluates the resulting model be-
havior on a sequence of screenshots sampled from
long interaction traces. Because the prompt is tai-
lored specifically article reading, we filter the avail-
able frames to article-like pages and then obtain
model predictions for each frame in chronological
order.

3.1. Dataset
We base our experiments on The Eye of the Typer
(EOTT)4 dataset, released with Papoutsaki et al.
(2018). This dataset provides synchronized screen
recordings, eye-tracing logs (i.e., actual gaze loca-
tion), and interaction traces from 51 participants
during multiple web-based tasks.

From the full dataset, we randomly selected 3
users and used the per-user metadata in Partici-
pant_Characteristics.csv to obtain session
durations and native screen resolutions. The gaze
coordinates are represented in pixel space in the
dataset logs.

3.2. Extraction and synchronization
pipeline

To create the input prompts for the multimodal LLM,
we created a pre-processing pipeline based on the
EOTT “dataset extractor”5 utility. We adapted it to
extract (i) screenshots, (ii) gaze samples aligned to
each screenshot, and (iii) mouse events rendered
directly onto the screenshot images.

3.2.1. Screenshot sampling

We extracted video frames as screenshots at a
fixed 5-second interval. This rate was selected to
avoid excessive oversampling while still preserv-
ing coarse reading progression. We selected 50
screenshots in total from each participant. The
main emphasis was on segments where partici-
pants were reading article-like pages, plus a small
number of sparse/empty pages (e.g., calibration or
low-content transitions) to test robustness under
low visual density.

3.2.2. Gaze log alignment

For each screenshot captured at times-
tamp t, we selected gaze samples from
[Dataset_Name].txt whose timestamps

4https://webgazer.cs.brown.edu/data/
5https://github.com/brownhci/WebGazer/

fall within a temporal window of ±500ms around t.
The gaze stream in our extracted logs is sampled
at 60 Hz, as stored in the dataset traces used by
our pipeline. For each screenshot, we retained up
to 5 gaze points closest to t (a fixed window size),
yielding a compact set of candidate gaze locations
per frame.

3.2.3. Mouse event extraction and rendering.

Mouse events were read from
[Dataset_Name].json. We rendered in-
teraction traces onto screenshots using OpenCV6:
(i) a polyline for mouse movement and (ii) a filled
red circle at click locations. This augmentation
was motivated by earlier findings that mouse
activity can correlate with visual attention in some
interaction modes, while remaining an imperfect
proxy overall (Huang et al., 2012; Navalpakkam
et al., 2013).

3.3. Reference gaze per screenshot via
geometric median

Because raw gaze samples may include transient
noise, drift, or occasional rapid eye saccades, we
aggregate the windowed gaze points into a single
reference gaze coordinate per screenshot using a
geometric median (i.e., Fermat–Weber point). Con-
cretely, for gaze samples {pi}ni=1 in a screenshot
window, we estimate:

p̂ = argmin
p

n∑

i=1

∥p− pi∥2.

We compute p̂ using Weiszfeld’s algorithm, iterating
until it converges (Beck and Sabach, 2015).

We selected the geometric median instead of an
arithmetic mean because it is more robust to out-
liers: when a participant’s gaze briefly “jumps” (e.g.,
due to a saccade or tracking noise), the median
reduces the influence of those samples relative to
the mean. In our implementation, this robustness
serves as an implicit outlier-mitigation step rather
than applying a separate rejection rule. 7

3.4. Prompted gaze prediction with
multimodal LLMs

We evaluate two different multimodal LLMs as
prompted gaze predictors conditioned on screen-
shot content and interaction overlays. Our prompts

6https://opencv.org/
7Indeed, another view of gaze, as pointed out by

an anonymous reviewer, is that attention is established
through time and is mediated through an explicit temporal
window over which probability distributions of gaze and
mouse location could both be calculated. Our smoothing
constraint is a crude approximation of this more sophisti-
cated model.
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encode established web-reading heuristics, partic-
ularly layout-driven scanning patterns such as the
F-pattern and Z-pattern, to constrain the model to-
wards plausible reading behavior over article-style
pages (Huang et al., 2012; Navalpakkam et al.,
2013).

3.4.1. Models

We tested OpenAI’s GPT-5.2 Instant and Google’s
Gemini 3 Flash (preview) as representative of cur-
rent state-of-the-art multimodal LLMs capable of im-
age understanding. Inputs were downsampled and
compressed prior to submission to comply with API
limitations in processing screenshots. The gaze
predictions are mapped back to screenshot coor-
dinates later on. The output predictions were also
clipped to valid screen bounds.

3.4.2. Structured output constraint

Each inference produces a strictly valid JSON:

• (x, y) pixel coordinates

• attention_pattern ∈
{F-pattern,Z-pattern,Center-focus,
Cursor-aligned}

• reasoning_mode ∈
{Reading,Scanning,Targeting,Idle}

• confidence ∈ [0, 1]

A schema-based constraint is used to reduce
free-form text and enforce machine-readable out-
puts for downstream evaluation.

4. Experimental Results

4.1. Experimental Scenarios
We define two evaluation conditions or scenarios:

1. Full-video prediction. The model receives
only the screenshot sequence (with mouse
overlays) and produces a gaze estimate and
metadata for each frame. No ground-truth
gaze is provided during the run.

2. Per-frame prediction. After the model pre-
dicts the gaze for frame t, we immediately
provide the actual reference gaze coordinate
p̂t(geometric median) as ground truth. The
next frame’s prompt explicitly instructs the
model to use this provided coordinate rather
than its previous prediction. This setting pro-
vides an online correction signal, analogous to
teacher forcing for sequence prediction, to pre-
vent error accumulation as the model predict
frames. This enables us to test the model’s

power in predicting the next gaze location. As
a collateral benefit, it enforces temporal con-
tinuity in that it ensures smooth gaze trajecto-
ries across 5-second steps.

4.2. Numerical Results

We tested two multimodal LLMs under identical
conditions: Google’s Gemini 3 Flash (preview) and
Open-AI’s GPT-5.2 Instant. Tests were conducted
on data from three randomly selected participants
from the EOTT dataset (Papoutsaki et al., 2018)
(P1, P2, and P7) and under two scenarios: full-
video and and per-frame.

To calculate region-level estimation accuracy, we
divided the screen into 300x300 pixel areas and
checked whether the predicted gaze location is in
the same region as the actual gaze location. This
evaluation regimen is commonly used in previous
work (e.g., (Ahmadzadeh, 2024; Papoutsaki et al.,
2018)), because some applications only need the
rough location of the gaze.

4.2.1. Model Comparison

GPT-5.2 Instant yields more stable predictions than
Gemini 3 Flash. The results of these two models
for one of the selected participants (P1) are shown
in Table 1. The results are very close, both in terms
of region accuracy and gaze coordination error,
although GPT-5.2 Instant is slightly better. A key
qualitative difference is that GPT-5.2 Instant tends
to lower its confidence when page content provides
insufficient evidence (e.g., sparse or ambiguous
layouts), whereas Gemini 3 Flash often maintains
moderate confidence in such cases.

Therefore, in the analysis below, we only show
the results for GPT-5.2 Instant.

4.2.2. Overall results

Table 2 reports detailed results for the tested users,
as well as macro-averaged results.

Our first observation is the relatively low accu-
racy in estimating the gaze region (around 17% for
Full-Video and around 24% in the Per-Frame sce-
nario). However, when the region is not accurately
estimated, in more than half of the cases, the esti-
mated region was one of the adjacent regions (up,
down, left, or right). In other words, the estimated
region is not very far from the actual location of the
gaze in the majority of the cases.

As we expect, the estimation errors accumulate
in the Full-Video scenario and therefore the perfor-
mance is worse: around 50 pixels higher for esti-
mated location error and around 10% lower region
accuracy. This trend is consistent for all partici-
pants.
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Model Condition Region Average Median Error (px)
Accuracy Error (px) (All) (CL>0.8) (CL>0.9)

Gemini 3 Flash Full-Video 15.7% 357 296 293 307
Per-Frame 27.5% 290 229 228 224

GPT-5.2 Instant Full-Video 17.7% 356 322 321 322
Per-Frame 27.4% 286 210 196 210

Table 1: Comparison of different multimodal LLMs.

User Condition Average Median Error (px) Region Accuracy (%)
Error (px) (All) (CL>0.8) (CL>0.9) (All) (CL>0.8) (CL>0.9)

P1 Full-Video 356 322 321 322 17.7 16.2 16.2
Per-Frame 286 210 196 210 27.4 25.6 25.6

P2 Full-Video 357 341 341 341 17.6 17.6 17.6
Per-Frame 295 253 253 262 27.5 30.4 30.4

P7 Full-Video 428 411 411 446 15.7 10.7 10.7
Per-Frame 410 385 403 414 17.6 14.3 14.3

Average Full-Video 380 358 358 370 17.0 14.8 13.5
Per-Frame 330 283 284 295 24.2 23.4 23.4

Table 2: Gaze prediction results of our method for different users.
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Figure 1: Per-frame error spikes of one user.

We also see that while the performance is similar
for the first two users, it is significantly worse for
the third user, especially in the per-frame scenario.
This can be due to individual differences between
human users.

4.2.3. Temporal error dynamics

Figure 1 plots the per-frame error over time for
one of the users (P1). Error spikes align with con-
text discontinuities, such as navigation events or
transitions to empty/calibration-like pages. In such
frames, the model lacks strong layout cues (text
blocks, headings, images) needed to infer read-
ing patterns, leading to unreliable gaze estimates.
Moreover, empty-page segments can affect subse-
quent predictions by disrupting the inferred scan-
path trajectory, especially in the full-frame scenario,
in which errors accumulate.
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Figure 2: Comparison of per-frame and full-video
error rates.

4.2.4. Effect of per-frame prediction

Figure 2 contrasts the full-video and per-frame sce-
narios for one user (P1), illustrating that providing
the previous ground-truth gaze substantially stabi-
lizes trajectories after context shifts by preventing
error accumulation. This suggests that temporal
anchoring mitigates drift and reduces cascading
errors when visual evidence is weak.

5. Conclusion

In this paper, we have proposed the idea of us-
ing multimodal LLMs to predict gaze using only a
screenshot and the movement of the mouse pointer.
Our preliminary results show that, while our results
are not very high, they are promising. For example,
our approach can correctly guess either the correct
region or a region adjacent to it (among 12 300px
x 300px regions on the page) in over half of the
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cases we tested. We think with the advances in
small multimodal LLMs (such as small Gemma 3
variants that can easily be run on user devices),
our idea, with refinement, can serve as the basis
for on-device gaze estimation without further need
for any special hardware.

Limitations

The main motivation of our work was to remove the
need for special hardware (such as eye-tracker or
cameras) in gaze estimation. Such hardware typi-
cally requires continuously watching the user with
a camera, which is a significant privacy concern.
Our approach only needs to analyze the content
of the screen. It is therefore less intrusive. On the
other hand, it requires submitting a screenshot to
an LLM.

A limitation of our current results is that it is based
on a public dataset that was collected in a lab set-
ting. We should follow up with more evaluations
that run in a user’s setting (e.g., in their home or
office). We should also evaluate the accuracy of
gaze prediction with techniques that are usually
used during calibration.
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Abstract
This study presents a survey of research integrating eye-tracking (gaze) data into Language Models (LMs) as a means
of cognitively grounding NLP models and applications in human reading behavior. Although contemporary LMs excel
at learning statistical patterns from text, they fundamentally lack human-like reading and comprehension capabilities.
Incorporating gaze data may offer a window into cognitive processing, yet its impact on LMs remains underexplored.
Addressing a persistent bottleneck, namely, the high cost and limited scale of laboratory eye-tracking, we propose a
roadmap consisting of three streams of research for advancing this novel research domain: (1) developing cognitive
multimodal corpora, (2) leveraging generative models for gaze synthesis to overcome the data bottleneck caused
by the high costs of human eye-tracking, and (3) training LMs with gaze-guided attention mechanisms and input
augmentation. Furthermore, we illustrate practical applications in readability assessment, educational analytics, and
assistive communication, demonstrating how gaze-informed models can enable adaptive technologies. Finally, we
critically examine ongoing challenges, including the lack of data standardization, the misalignment between human
and machine language processing, and the urgent ethical imperative for privacy-preserving architectures to pro-
tect sensitive biometric gaze data, motivating privacy-aware data practices and model designs for scalable deployment.

Keywords: Gaze data, Language Models, Human Reading Behavior

1. Introduction
Natural Language Processing (NLP) has achieved
remarkable success, driven largely by deep learn-
ing architectures that learn statistical patterns from
massive text corpora (language models, hence-
forth LMs). However, LMs often lack the cognitive
grounding that characterizes human language pro-
cessing and comprehension. Eye-tracking data,
specifically the measurement of fixations and sac-
cades, provide a psychophysiological window into
these cognitive processes. Common gaze features
used in NLP include fixation duration (processing ef-
fort), first-pass reading time (early processing), total
reading time (integration difficulty), regression rate
(reanalysis), and skipping probability (predictability).
These features provide measurable indicators of
cognitive processing during reading and are widely
used in computational models.

The integration of gaze data into NLP models
and applications offers a pathway to bridge the
gap between statistical probability and human-like
reading and comprehension by informing models
about which words might carry the most informa-
tion, and how attention and cognitive load might
change during reading from a human-reader per-
spective (cf., Cognitively Inspired NLP, Mishra et al.
2017; cognitive signals, Hollenstein et al. 2020a).
This provides the development of a novel research
domain that bridges NLP and cognitive sciences,

attracting current research and proceeding towards
establishing a community of researchers (Acartürk
et al., 2025). To give a concrete example to the
studies in this context, gaze data may bridge a
text-specific property, such as sentence complexity,
to its human-reader counterpart, namely, reading
difficulty.

Recently, the research on developing compu-
tational models of eye-movement during reading
faced a significant data bottleneck, as collecting
gaze data involves high cost and time effort, also re-
quiring specialized hardware and controlled labora-
tory environments. These challenges have limited
the use of gaze data in NLP to relatively small-scale
studies. However, a recent shift has been moving
the eye-tracking field from small datasets to stan-
dardized multimodal and multilingual corpora by
incorporating synthetic gaze generation.

This survey reviews the current role of gaze data
in NLP research and outlines a structured research
direction through a three-stream roadmap (see Fig-
ure 1): (1) Developing cognitive multimodal cor-
pora, (2) enriching cognitive multimodal corpora
by gaze synthesis, and (3) training LMs for gaze
guidance embedded in enriched cognitive multi-
modal corpora. We also address methodological
and ethical considerations for large-scale collection,
synthesis, and deployment due to the personal and
potentially sensitive nature of gaze data.
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Stream 1: Corpora Development
• Eye-tracking datasets
• Multilingual corpora
• Standardization

Stream 2: Gaze Synthesis
• Generative models
• Syntheticscanpaths
• Data augmentation

Stream 3: Gaze-Guided LMs
• Attention supervision
• Multi-task learning
• Input augmentation

humanalignment / evaluation
(Stream 3→ 1)

dataaugmentation
(Stream 2→ 1)

modelrefinement
(Stream3→ 2)

Figure 1: Roadmap for gaze-integrated NLP. The three streams for corpora, gaze synthesis, and gaze-
guided models can be developed in parallel, with feedback loops that support continuous improvement
and data augmentation.

2. A Roadmap for Gaze for NLP
This section introduces the roadmap in three
streams of research that can proceed in parallel
with minor dependencies. The first stream presents
the studies targeting the development of cognitive
multimodal corpora. Given their limited size, due
to challenges in developing multimodal corpora,
the next stream addresses synthesizing gaze data
to enrich multimodal corpora and the studies con-
ducted in this direction. The next stream focuses
on training LMs on enriched cognitive multimodal
corpora through gaze guidance.

2.1. Developing Cognitive Multimodal
Corpora

Developing corpora has been the very first step
for conducting quantitative linguistic research and
developing practical NLP applications for many
decades. The scope of corpus development has
been expanded for the past decade in at least
two directions: The development of text-only cor-
pora and the development of multimodal cognitive
corpora, both for training LMs. Due to historical
reasons, several terminological ambiguities have
emerged. One is the use of the term “multimodal”,
which has been used in NLP studies to refer to lan-
guage resources including linguistic and nonlinguis-
tic content, such as text and images. Another use of
the term refers to the method of measurement and
the resulting data, such as gaze and brain imaging
data. To resolve the terminological ambiguity in the
field, we propose a distinction between extrinsic

multimodality (content-multimodal corpora), which
concerns the diverse formats of information repre-
sentation (e.g., text paired with images or video),
and intrinsic multimodality (cognitive multimodal
corpora), which concerns the diverse channels of
human cognitive processing (e.g., simultaneous
recording of gaze, EEG, and fMRI while reading
text). This survey specifically addresses the lat-
ter, using the term cognitive multimodal corpora,
by leveraging intrinsic cognitive signals to ground
language representations in human processing pat-
terns. While extrinsic multimodal systems learn to
relate objects and concepts across different exter-
nal media, intrinsic multimodal systems learn to
model the observable signals obtained from the
reader.

Several cognitive multimodal corpora have been
released during the past decade. The datasets,
such as ZuCo 2.0 Zurich Cognitive Language Pro-
cessing Corpus (Hollenstein et al., 2020b) and
GECO Ghent Eye-Tracking Corpus (Cop et al.,
2017) provide standardized benchmarks. For in-
stance, ZuCo 2.0, provides simultaneous eye-
tracking and EEG recordings during both natural
reading and specific annotation tasks of 739 En-
glish sentences read by 18 participants. Similarly,
GECO consists of gaze data from monolingual En-
glish speakers and Dutch-English L2 learners read-
ing an entire novel, providing a continuous narrative
context often missing in sentence-level datasets.

While early work focused primarily on English,
the field has rapidly expanded into diverse lan-
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guages and specialized domains to create stan-
dardized benchmarks. Recent efforts include the
Copenhagen Corpus (CopCo), which provides the
first eye-tracking-while-reading corpus for the Dan-
ish language, consisting of 1,832 sentences and
nearly 35,000 tokens (Hollenstein et al., 2022).
Similarly, the PoTeC, Potsdam Textbook Corpus
(Jakobi et al., 2025a), is a German naturalistic re-
source comprising data from 75 participants read-
ing scientific texts. It employs a factorial design
contrasting expert and novice readers to investi-
gate how domain expertise and prior knowledge
influence cognitive processing during reading. Re-
cently, GAZE4HATE dataset expands the scope of
reading stimuli from common text to instances of
annotated hate-speech segments (Alacam et al.,
2024).

To address the historical lack of uniformity across
laboratories, the MultiplEYE initiative has been es-
tablishing a large-scale, multilingual corpus with
consistent recording protocols (Jakobi et al., 2025b)
Novel datasets like CoLAGaze (Bondar et al., 2025)
provide the first broad-coverage eye-tracking cor-
pus on grammatical and ungrammatical sentences,
aligned to the CoLA benchmark, enabling direct
comparison between model grammaticality judg-
ments and human processing patterns. Further-
more, WebQAmGaze (Ribeiro et al., 2023) ad-
dresses accessibility, utilizing webcam-based eye
tracking from 600 participants across four lan-
guages (English, German, Spanish, and Turkish),
demonstrating that low-cost, scalable data collec-
tion is feasible without specialized hardware. In-
teRead (Zermiani et al., 2024), with 50 participants,
annotates interruptions and resumption lags dur-
ing reading, addressing the ecological validity of
learning environments. Additional multilingual re-
sources continue to expand the range of cognitive
multimodal corpora. For example, the FETA corpus
provides French eye-tracking data collected from
46 readers across general, medical, and clinical
texts presented in both original and manually simpli-
fied versions, with multiple word-level gaze features
available for analysis (Ivchenko and Grabar, 2025).
To provide a clearer overview of existing resources,
Table 1 summarizes representative cognitive multi-
modal corpora.

The available cognitive multimodal corpora, as
exemplified in this section, provides valuable re-
sources for developing LMs by incorporating gaze
data. On the other hand, a major challenge in the
field is the limited size and scope of the available
datasets, mostly consisting of a few dozen partici-
pants and a few thousand words, due to the high
cost and time effort required in gaze data collection.
This scarcity has necessitated a shift in research
focus for the past decade, seeking an answer to the
following question: Is it possible to synthesize gaze

data to predict human gaze patterns on unseen text,
so as to scale up training sets for gaze-augmented
models? The studies in this direction comprise the
second stream of the research roadmap, presented
below.

2.2. Gaze Synthesis to Enrich Cognitive
Multimodal Corpora

The predictive models of eye movements during
reading emerged in the beginning of the century,
established on experimental findings obtained in
previous research. The empirical research largely
addressed the factors impacting eye-movement pat-
terns on text, such as corpus frequency of lexical
items, word length, and predictability of words in
a sentential context. A set of computational cogni-
tive models aimed to parameterize these factors to
predict when and where to move the eyes during
reading (E-Z Reader, Reichle et al. 1998; SWIFT
Saccade-generation with inhibition by foveal tar-
gets, Engbert et al. 2002; Glenmore, Reilly and
Radach 2003; OB1-reader, Snell et al. 2018; see
Acartürk 2025 for a recent review). For the past sev-
eral decades, statistical regularities on eye move-
ments during reading have attracted research in-
terest from a modeling point of view, still being an
ongoing debate (Kimchi and Siegelman, 2026).

The scope of early modeling in the cognitive
computational models has been limited to rule-
based, algorithmic approaches while some em-
ployed connectionist architectures or parameter op-
timization. Recent models have involved explicit
machine-learning approaches, also targeting syn-
thesized gaze patterns. For instance, models like
ScanTextGAN and the hybrid text saliency models
proposed by Khurana et al. (2023) indicate that
synthetic scanpaths can be used to supervise NLP
models. Specifically, they were able to improve
the accuracy of multiple NLP tasks, such as sen-
timent analysis, named entity recognition, relation
extraction, and grammatical error detection, using
synthetic scanpaths produced by the model, on a
variety of datasets. ScanTextGAN presents a gen-
erative approach designed to synthesize human-
like scanpaths (the sequence of fixations and sac-
cades) over text, also aiming to replicate the tem-
poral sequence of reading, including regressions
(looking back) and skips. The model was trained
on real eye-tracking data to learn the probability dis-
tribution of eye movements during reading. Hybrid
and cognitive text saliency models aim to predict
aggregate gaze metrics (like total fixation duration)
rather than full scanpaths, yet combining traditional
cognitive reading models with data-driven gaze su-
pervision. This approach reduces the full reliance
on black-box neural models, by integrating estab-
lished psycholinguistic features (e.g., word length,
frequency) with neural attention. Empirical findings
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Dataset Language Participants Size
ZuCo 2.0 English 18 739 Sentences
GECO English, Dutch (L2) 30 5,000 Sentences
CopCo Danish 22 1,832 Sentences
PoTeC German 75 12 Scientific Texts
FETA French 46 32 → 179 Sentences
WebQAm Gaze English, German, Spanish, Turkish 600 XQuAD & MECO texts
Inte Read English 50 28 Pages
CoLA Gaze English 42 306 Sentences
Multipl EYE Multilingual (30+ languages) 100+* 10 Natural Texts
GAZE4HATE English 43 90 items

Table 1: Overview of representative cognitive multimodal corpora with eye-tracking data (*per lab, ongoing)

suggest that the field will increasingly pivot toward
gaze synthesis in the near future, relying on the
expectation that the accuracy of synthesized gaze
will further and further approximate real gaze data.

Alongside ScanTextGAN, several architectures
have emerged for gaze synthesis. Eyettention
(Deng et al., 2023) is such a gaze-synthesis model,
one that processes linguistic tokens and chronolog-
ical fixation sequences simultaneously using cross-
sequence attention. By modeling the complex tem-
poral dynamics of reading, Eyettention performs
scanpath prediction across multiple languages and
datasets. Another model is ScanEZ (Sood et al.,
2025), which integrates traditional cognitive models
with self-supervised learning to produce spatiotem-
porally realistic scanpaths. This hybrid approach
demonstrates that incorporating traditional, compu-
tational cognitive models that address psycholin-
guistic factors can improve generalization beyond
purely data-driven methods.

These synthesis approaches differ among each
other in both their representational assumptions
and architectural design. Sequence-based mod-
els conceptualize scanpaths as ordered discrete
events (i.e., fixations and saccades), typically mod-
eled with autoregressive or recurrent frameworks.
Complementary work has also investigated the lin-
guistic determinants of saccade targeting, showing
that, beyond word length and frequency, contex-
tual meaning, prior fixation history, and saccade
distance contribute to predicting forward and back-
ward eye movements during naturalistic reading
(Rego et al., 2025). In contrast, trajectory-based
models treat gaze as a continuous spatiotempo-
ral signal and often employ probabilistic or neural
dynamical systems to capture smooth transitions
in gaze coordinates. Conditioning strategies also
vary: some models incorporate explicit linguistic
features (e.g., readability indices, syntactic com-
plexity, or lexical frequency), whereas others learn
end-to-end mappings from token-level embeddings
directly to gaze trajectories without handcrafted fea-
tures.

While generating synthetic gaze data offers a the-

oretical workaround to the high cost of collecting
human eye-tracking data, it is crucial to recognize
significant limitations inherent in relying on syn-
thesized data. Currently, it remains unclear how
well synthetic gaze truly captures the complexity of
human reading behavior. A primary shortcoming
of synthetic gaze data is the reduction of natural
variability. Because generative models are trained
to optimize for widespread statistical regularities,
they risk ignoring the rich, idiosyncratic variations
present in human reading patterns. Another weak-
ness related to the existing models is the lack of
assessment methodologies in the recent work. In
general, the evaluation of the relationship between
machine behavior and human behavior is scarce
in the context of incorporating gaze data into LMs,
except for a few studies in this direction, such as
Ikhwantri et al. (2023). Aggregate behavioral statis-
tics (e.g., mean fixation duration, saccade length,
regression rate) or predictive measures (e.g., next-
fixation accuracy) are generally used to measure
synthetic gaze. Although informative, these mea-
sures mainly capture superficial likeness and may
not indicate whether the generated scanpaths re-
flect the finer-grained linguistic processes in human
language processing (e.g., sensitivity to syntac-
tic boundaries, semantic ambiguity, or surprisal).
As a result, matching global distributions does not
guarantee that synthetic gaze preserves the cog-
nitively compatible signal required for modeling.
Specifically, current synthetic models generally fail
to model individual differences. Reader-specific
traits, such as working memory capacity, domain
expertise, second-language proficiency, or reading
disorders, profoundly influence gaze behavior. By
heavily relying on aggregated training sets, genera-
tive models run the risk of biasing NLP applications
toward the “average gazer.” This homogenization
means that models might ignore outlier behaviors
or non-standard reading strategies, limiting the eco-
logical validity and inclusivity of applications like as-
sistive communication or personalized education.

In summary, the methodological issue of trying
to determine that the synthesized scanpaths do not
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store task-relevant information content, but are just
an approximation of statistical regularities, is still
unresolved. It is not clear that existing generative
models reproduce systematic variability with regard
to individual variability, task requirements, and pro-
cessing linguistically complex or ambiguous stimuli.
Synthetic gaze augmentation effectiveness is de-
termined by whether models are able to encode
both the statistical patterns of eye movements and
the structured modulation of gaze based on textual
properties, reader characteristics, and contextual
constraints.

Consequently, while gaze synthesis provides an
alternative avenue for data augmentation, its utility
must be critically weighed against these conceptual
and methodological shortcomings. Overreliance
on synthetic datasets without addressing the loss
of individual variability and nuanced cognitive pro-
cessing poses a major risk. Acknowledging these
limitations, the next challenge lies in architectural
integration: How can both empirical and (cautiously
applied) synthetic cognitive signals be effectively
injected into neural NLP models? The studies that
aim to find answers to these questions comprise
the third and final stream of the research roadmap,
presented below.

2.3. Gaze Guidance for Training LMs with
Enriched Cognitive Multimodal
Corpora

The previous studies on incorporating gaze data
into LMs have mainly converged on two strategies:
augmenting the input representation (concatena-
tion) and supervising the internal computation (at-
tention mechanisms). The relationship between
gaze and visual attention is basically an opera-
tional assumption rather than being an observa-
tional fact. The eye movements during reading
indicate visual attention while the two do not nec-
essarily couple momentarily (Posner et al., 1980).
Moreover, aligning a model’s attention mechanism
with human visual attention is also a technically
sophisticated integration approach. In standard
Transformer or RNN-based architectures, “atten-
tion” is a learned weight distribution that determines
which input words the model should focus on. A fea-
sible approach is to modify the loss function of the
neural network to minimize the distance between
the model’s attention weights and human fixation
distributions (or synthetic equivalents) instead of
letting the model learn attention solely from the tar-
get task (e.g., translation). This approach assumes
that human gaze is a proxy for attention. Recent
research shows that integrating gaze features into
the attention mechanisms of neural networks can
improve performance in tasks like paraphrase gen-
eration and sentence compression (Khurana et al.,
2023). Such supervised learning of attention mech-

anisms combined with gaze data provide a practical
benefit, as once training is complete, it does not re-
quire gaze input during inference. It allows building
cognitively enriched attention mechanisms, which
have signals from both raw textual data and cogni-
tive data.

Another approach for informing NLP systems
with gaze data relies on joint, multi-task models that
learn gaze behaviour alongside the target NLP task.
In this approach, the model is trained to perform
two tasks simultaneously: a primary task consisting
of a specific NLP goal (e.g., sentence compression,
sentiment analysis), and an auxiliary task aiming to
predict gaze metrics (e.g., total fixation duration) for
the input tokens. By sharing the underlying encoder
layers between these two tasks, the model learns a
generalized text representation that encodes both
semantic meaning and cognitive processing effort.
This joint-modeling approach ensures that gaze
data regularizes the model, preventing it from over-
fitting to superficial statistical patterns in the text.
Sood et al.’s (2020b) joint modeling approach—
training the NLP model to solve the task and predict
human gaze simultaneously— outperformed state-
of-the-art baselines. Similarly, Mathias et al. (2020)
introduce a model where gaze behaviour is learned
along with essay grading, and the results show that
modeling gaze behaviour along with essay grading
provides statistically significant performance gains
for the task.

A similar approach is to concatenate gaze vec-
tors with word embeddings to enrich the input repre-
sentation. Gaze measures can also be normalized
and concatenated directly with word embeddings
(e.g., BERT or GloVe vectors) to form the input to
the network. However, this method increases the
dimensionality of the input and requires the gaze
data to be available at test time (unless replaced by
synthetic features), making it less flexible than the
attention supervision methods. On the contrary to
the previous approach, where the attention mecha-
nisms are trained along with the gaze features, this
approach requires gaze features during inference
time to be available, which makes the approach
less practical compared to the previous approach.

Empirical evaluations of these approaches have
yielded mixed but instructive results. Barrett et
al. (2018) showed that regularizing recurrent mod-
els with human attention from eye-tracking cor-
pora improved performance across sentiment anal-
ysis, grammatical error detection, and abusive lan-
guage detection, suggesting that human gaze pro-
vides inductive biases that help models general-
ize. Similarly, Wang B. et al. (2024) investigated
whether integrating gaze signals into BERT during
pretraining or fine-tuning enhances performance,
reporting gains on several tasks. Hollenstein and
Zhang (2019) demonstrated consistent improve-
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ments from gaze and EEG augmentation for named
entity recognition, relation classification, and senti-
ment analysis across multiple datasets. However,
Sood et al. (2020a) found that while model atten-
tion can be shaped to resemble human attention
through supervision, the correlation between atten-
tion similarity and task performance is architecture-
dependent: LSTM and CNN attention aligned bet-
ter with human fixations and correlated with perfor-
mance, whereas XLNet showed weaker alignment
despite high task accuracy. This suggests that the
concept of attention supervision can be best im-
plemented when the internal process of the model
can be compatible with the human-like sequential
processing. The major outstanding problem is to
enable type-level generalization, i.e. learners to
use the gaze patterns trained on training texts with-
out having to provide eye-tracking information at
testing time (Hollenstein and Zhang, 2019).

In summary, training LMs with enriched cogni-
tive multimodal corpora seems to be a promising
research direction for effectively incorporating gaze
data. Below, we present research domains that
might extend the frontiers of the field through appli-
cations.

3. Applications
This section exemplifies several frontiers that the
research on incorporating gaze data into LMs has
been expanding

3.1. Text Complexity and Reading
Difficulty

Text complexity and reading difficulty are two con-
cepts that constitute the two piers of the bridge
between NLP and cognitive sciences. The link be-
tween gaze behavior and text difficulty has been
well established in psycholinguistics, but translating
this link into computational models is not straight-
forward. Text difficulty is not a single construct;
it depends on lexical properties, syntactic struc-
tures, discourse relations, and reader-dependent
variables such as reading skill and prior knowledge.
These factors interact and produce variable eye-
movement patterns across readers and tasks.

Traditional readability formulas mainly use sur-
face features such as word length and sentence
length. These features provide an incomplete proxy
for processing effort and do not directly reflect cog-
nitive operations during reading, such as lexical
access, syntactic parsing, and semantic and dis-
course integration. Eye-tracking studies show that
fixation duration, regression rate, and skipping prob-
ability are influenced by linguistic predictors like
predictability, and syntactic ambiguity. As a result,
surface readability scores often fail to capture the
variation observed in human gaze data. For compu-
tational modeling, this creates a mismatch between
input representations and gaze signals. Gaze data

are temporally structured and respond to local lin-
guistic properties at the word and sentence level,
while many traditional NLP models use global or
static text features to represent difficulty. A more
suitable approach is to incorporate psycholinguis-
tically motivated predictors, such as surprisal, en-
tropy, and syntactic dependency measures, along-
side contextual embeddings. Recent work further
shows that surprisal estimates from LLMs predict
several eye-tracking measures, including first fixa-
tion duration and gaze duration, reproducing well-
established reading-time effects across languages
and datasets (Alves, 2025). This alignment can im-
prove the mapping between text features and gaze
patterns, supporting more accurate modeling of
reading behavior. Overall, gaze-augmented meth-
ods aim to assess text difficulty by measuring actual
processing effort during reading. Regression count
indexes reanalysis caused by comprehension prob-
lems or structural ambiguity. First-pass reading
time reflects early lexical access and syntactic inte-
gration, whereas total reading time captures later
reanalysis and cumulative processing. These mea-
sures can diverge: a frequent word may show short
first-pass time but longer total time when it appears
in syntactically demanding contexts, indicating in-
teraction between lexical and syntactic processing
that surface features miss.

Nevertheless, applying these findings to read-
ability systems raises practical issues. Gaze data
shows high variability across readers due to dif-
ferences in skill, working memory, domain knowl-
edge, and reading strategy. Aggregating at the
type level can mask this variability, while token-
level modeling requires large datasets for stable
estimates. In addition, the link between gaze and
comprehension depends on task demands (e.g.,
skimming vs. careful reading) and genre, which lim-
its model generalization across corpora. Recent
work has started to operationalize these findings.
Studies that combine gaze features with linguistic
and psycholinguistic variables in multi-task learn-
ing models report improved readability prediction
in English (González-Garduño and Søgaard, 2017)
and in morphologically rich languages such as Ara-
bic (Baazeem et al., 2025). Extending this line of
work to lower-resource languages, Hodivoianu et al.
(2025) introduce the first Romanian eye-tracking
dataset for reading and show that both feature-
based models and fine-tuned Romanian BERT ar-
chitectures can predict total reading time at the
word level, with applications to lexical simplification
and interactive readability support. Transformer-
based language models have been shown to better
account for human reading effort measures than
RNNs, including self-paced reading times and neu-
ral activity during sentence processing (Merkx and
Frank, 2021). These findings suggest that attention-

69



based architectures can capture aspects of human
language processing, although their fit to behav-
ioral data depends on the type of measures and
the experimental setting.

3.2. Educational Analytics

A promising field of research that benefits from
incorporating gaze data into LMs has been edu-
cational analytics. For instance, foreign language
learning and its evaluation by automated essay
scoring are the two domains that can be bridged by
incorporating gaze data into LMs. In educational
settings, gaze data has the potential to serve as
a measure of learning Sharma et al. (2020); John
et al. (2025). Although gaze is an indirect mea-
sure of learner engagement and comprehension
difficulty (Hutt et al., 2024; Turčáni et al., 2024),
specific gaze measures, such as regressive sac-
cades, may correlate with various levels of text com-
plexity, such as lexical- and syntactic-level com-
plexity (Turčáni et al., 2024), also indicating chal-
lenges in language learning. An emerging appli-
cation leverages gaze data to infer open-ended
reading goals and information-seeking intentions
from eye movements, without explicit user input
(Hadar et al., 2025; Shubi et al., 2025). Multimodal
LLMs trained on large-scale eye-tracking data have
achieved promising success in predicting whether
a reader is engaged in comprehension versus tar-
geted information-seeking, and in some cases, re-
constructing specific questions or goals driving the
reading behavior. Shubi et al. (2025)) found that en-
semble transformer-based models combining scan-
path representations with LMs can predict reading
goals in real-time, with performance modulated
by textual properties and reader characteristics.
Furthermore, Zhang et al. (2025a) demonstrated
that converting raw eye-movement data into visual
representations (line-graph images) and encoding
them with vision transformers, temporally aligned to
text via reading order, achieves good performance
across multiple tasks.

These applications indicated that in practical con-
texts, such as automated essay scoring (AES),
gaze-augmented models may improve traditional
AES systems, which rely solely on text-level fea-
tures (grammar, vocabulary size). Similarly, for
second-language (L2) learners, gaze-augmented
models may help identify which words impede com-
prehension. Gaze-augmented models trained on
data can personalize reading materials by high-
lighting or simplifying difficult vocabulary in real-
time. Intelligent tutoring systems can dynamically
infer when a student is struggling with comprehen-
sion versus quick skimming, adjust content diffi-
culty in response to detected cognitive load, and
provide just-in-time scaffolding. In massive open
online courses (MOOCs) and digital learning envi-

ronments, gaze-based analytics could offer insights
into learner engagement patterns, identifying mo-
ments of confusion or disengagement that might
predict dropout.

3.3. Assistive Communication
Eye tracking technology has recently been increas-
ingly used in assistive communication systems,
particularly for individuals with severe speech and
physical impairments. Eye gaze-based text entry
(eye typing) is one of them, where the user with mo-
tor impairments points or looks at the desired letter
within the user interface, where a screen keyboard
and eye-tracking device are needed (Majaranta
and Räihä, 2007; Panwar et al., 2012). In such
assistive systems, dwell time is often used as the
gaze input. However, it is likely that an incorrect
input is activated when the user simply scans the
interface, namely the Midas Touch problem (Ja-
cob, 1991). To accompany a gaze-based text entry,
current LMs are substantially used to enable auto-
completion, context-aware predictions, and error
correction during eye typing. The intended phrases
can be inferred from partial input using neural lan-
guage models, which also mitigates issues such
as Midas Touch problem. Cai et al. (2024) intro-
duce an LLM-assisted gaze-based text entry that
saves 57% more motor actions than traditional pre-
dictive keyboards and has been tested on users
with amyotrophic lateral sclerosis.

To assist users with speech disabilities and mo-
tor impairments, gaze-enabled communication plat-
forms are designed in a way that gaze-based selec-
tion is enabled to generate speech. These Augmen-
tation and Alternative Communication (AAC) plat-
forms are designed to support or replace spoken
and written language for individuals with speech
and communication impairments. These platforms
integrate gaze interfaces with symbolic communica-
tion boards, text-to-speech synthesis, and adaptive
language modeling. Such systems can learn user-
specific linguistic preferences, automatically gen-
erate grammatically well-formed utterances from
selected semantic units, and provide context-aware
topic prediction based on conversational history
(Cai et al., 2024). By leveraging NLP techniques,
gaze-enabled AAC platforms move beyond letter-
by-letter input toward concept-based and intent-
driven communication, showing the potential and fu-
ture research directions for adaptive, context-aware
communication technologies for non-verbal individ-
uals (Beck Wells, 2025).

4. Discussion and Recent Challenges

A central concept that provides the appropriate
framework for bridging NLP and cognitive science is
the Human-in-the-Loop (HitL) framework. Although
LMs effectively mimic human communication, their
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internal logic remains fundamentally distinct from
the unobservable mental processes of the brain. By
incorporating gaze data to LMs, researchers aim to
move beyond simple imitation toward models that
reflect human-like attention and contextual under-
standing. Practical applications of this paradigm
are promising for personalized reading interfaces.
HitL systems can adaptively simplify or enrich text
to meet a reader’s specific needs—a significant
breakthrough for language learners or those tack-
ling complex technical material. Gaze data may
also be useful for training LMs under low-resource
scenarios. In the case of training a language model
with limited data, gaze information may potentially
allow better generalizations about language.

However, bridging the gap between artificial at-
tention mechanisms and human skill remains a
complex frontier, presenting significant theoretical
and technical challenges that must be addressed
to realize these adaptive technologies fully. Conse-
quently, numerous research questions and techni-
cal challenges have remained unsolved recently.

A main challenge in incorporating gaze data into
LMs is the lack of standardization of gaze data.
The lack of standardized gaze data formats lim-
its reproducibility and data integration. In contrast
to text data, which uses common schemas such
as CoNLL-U or JSON, gaze datasets do not fol-
low a shared representation. Datasets like ZuCo,
GECO, CoLAGaze, and WebQAmGaze differ in
sampling rates (e.g., 60Hz–1000Hz), coordinate
systems (pixels, normalized space, visual angle),
and preprocessing steps (fixation detection meth-
ods, saccade thresholds, outlier filtering). This vari-
ability makes cross-dataset comparison, transfer
learning, and the development of general gaze-
augmented models more difficult. To accelerate the
adoption of gaze-augmented NLP, the community
must establish a standardized format that decou-
ples the raw eye-tracking data from the linguistic
tokens.

Another challenge is the gap between human
language processing, as indirectly reflected in eye
movement patterns, and machine processing of lan-
guage data. This gap is observable in the method-
ological assumptions related to using gaze data
as input to LMs. Most existing studies do not di-
rectly feed raw gaze sequences into LLM prompts.
Instead, LLMs are commonly used to generate
linguistic labels or representations that are later
compared with eye-tracking and neural measures.
For example, work combining LLM-generated rele-
vance labels with eye-tracking and EEG data shows
that words marked as more relevant receive more
and longer fixations, and fixation-related features
can support above-chance classification of reading-
related neural states (Zhang et al., 2024a,b). Re-
cent research also reports measurable associa-

tions between LLM-derived representations and
human reading behavior. Eye-tracking datasets de-
signed for LLM evaluation show distinct fixation
patterns for preferred versus rejected model re-
sponses, along with correlations between reading
measures and transformer attention signals (Lopez-
Cardona et al., 2025). Probing studies further in-
dicate that internal LLM activations and attention
patterns correlate with eye-tracking indicators of
reading dynamics, suggesting partial alignment be-
tween model prediction processes and human be-
havioral signals (Wang et al., 2024).

However, empirical comparisons between hu-
man gaze patterns and transformer attention rep-
resentations report only moderate alignment, with
encoder models showing stronger correlations with
eye-movement data than decoder models across
reading tasks (Mouratidi and Poesio, 2025), sug-
gesting a mismatch between behavioral evidence
and model architecture. In addition, computational
reading models that use LLM-based predictability
estimates show better fits to human eye-movement
data than traditional cloze-based predictability mea-
sures (Lopes Rego et al., 2024). Graph-based
text structures generated by LLMs also correspond
to fixation distributions, where nodes identified as
more important attract higher fixation counts dur-
ing reading (Zhang et al., 2025b). Alongside these
approaches, an alternative direction considers pro-
viding LLMs with serialized gaze inputs, such as
sequences of fixation coordinates and durations,
as structured data. However, current evidence
suggests that simple concatenation of numerical
gaze sequences with text prompts is unlikely to pro-
duce strong performance gains without architec-
tural mechanisms that account for the spatiotem-
poral nature of eye movements. This limitation
arises because gaze signals are continuous, time-
dependent, and spatially structured, whereas stan-
dard LLM tokenization is primarily optimized for dis-
crete linguistic inputs. With the rapid development
of multimodal LLMs and structured data tokeniza-
tion methods, future systems may more effectively
integrate gaze recordings through architectures
that explicitly model spatiotemporal eye-movement
signals alongside textual representations. A central
open question is whether LLM pattern-learning and
reasoning abilities extend to spatiotemporal gaze
sequences when presented as structured inputs,
or whether effective use of gaze data will continue
to require dedicated multimodal architectures that
explicitly model eye-movement dynamics.

Beyond the technical challenges and the oppor-
tunities provided by incorporating gaze data into
NLP models and applications, an important as-
pect is ethics and privacy concerns, a responsi-
bility unfortunately overlooked by many scholars.
Eye-tracking data is increasingly treated as a sen-
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sitive biometric signal, as patterns of pupil dynam-
ics, gaze trajectories, and eye-movement behavior
can support reliable user identification and con-
tain detailed personal information (Kröger et al.,
2020; David-John et al., 2021). Beyond identifica-
tion, gaze recordings may reveal a wide range of
attributes without conscious user control, includ-
ing neurological and behavioral disorders, cogni-
tive load, emotional states, and psychological traits.
Eye-movement features have been examined as
biomarkers in research on neurodegenerative and
mental health conditions, and have been linked to
measurable behavioral and psychological patterns
(Przybyszewski et al., 2023; Singh and Sharma,
2024; Wang et al., 2025). Machine learning meth-
ods further increase the risk of such inferences by
enabling the prediction of cognitive and behavioral
characteristics from high-dimensional physiologi-
cal and behavioral signals (Bhatt et al., 2023). A
relevant issue is the potential risk of introducing
and amplifying biases. By incorporating gaze data
from “majority” (cf. the “average gazer”, Section
2.2), models’ tendency to adopt the majority posi-
tions may be reinforced further, leading to negative
social consequences.

These concerns are becoming increasingly ur-
gent as eye-tracking technologies are rapidly inte-
grated into consumer and mixed-reality devices,
including VR/AR headsets, smartphones, web-
cams, and camera-based interaction systems, al-
lowing large-scale and often passive collection of
gaze data in everyday settings (Zhu et al., 2025;
Bozkir et al., 2025; Liebling and Preibusch, 2014).
Prior research has shown that even natural gaze
behavior in virtual environments can allow user
identification, highlighting the need for privacy-
preserving data architectures and controlled data
access mechanisms (David-John et al., 2021). Be-
cause gaze data may reveal identity, fatigue, health-
related states, and cognitive or affective processes,
privacy-preserving processing pipelines are nec-
essary, particularly as intelligent systems become
capable of extracting sensitive biometric and psy-
chological information from subtle behavioral sig-
nals (Kröger et al., 2020; Bozkir et al., 2025). As
eye-free applications become more capable of pre-
dicting these signals from text interaction alone,
researchers must develop privacy-preserving archi-
tectures that obscure sensitive biometric signatures
while retaining utility for NLP tasks.

5. Conclusions

This survey examined the role of gaze data in NLP
as a cognitive signal that can support more human-
aligned language modeling, tracing the develop-
ment from small experimental datasets to multi-
lingual corpora and recent synthetic gaze genera-

tion approaches. In response to the long-standing
data bottleneck caused by the cost and technical
constraints of eye-tracking collection, the field has
gradually moved toward scalable multimodal re-
sources and gaze synthesis methods that enable
broader model training. To structure this progres-
sion, we proposed a roadmap consisting of three
streams of research: constructing cognitive mul-
timodal corpora, enriching these corpora through
synthetic gaze, and training language models with
gaze-informed guidance. In addition, recent ap-
proaches that incorporate gaze signals into training
objectives and alignment frameworks indicate that
cognitive supervision can guide model representa-
tions toward patterns observed in human reading.

Several directions follow directly from this
roadmap. The reviewed studies also show prac-
tical applications in readability assessment, edu-
cational analytics, and assistive communication,
where gaze-informed models can support adap-
tive and cognitively grounded language technolo-
gies. First, standardized evaluation protocols for
synthetic gaze are needed to verify whether gen-
erated signals preserve linguistic sensitivity and
reading-related patterns rather than only surface-
level statistical similarity. Second, methods that
retain the functional benefits of gaze data while
reducing exposure of sensitive biometric patterns
should be further developed, given the personal na-
ture of cognitive signals. Third, further expansion
and standardization of multilingual eye-tracking cor-
pora is necessary, as recent resources already in-
clude datasets in languages such as Danish, Ger-
man, French, and Romanian, yet cross-linguistic
comparability and shared annotation standards re-
main limited. Finally, future work should examine
whether large language models can effectively in-
corporate spatiotemporal gaze signals and whether
dedicated multimodal architectures that explicitly
model eye-movement dynamics provide more reli-
able performance than text-only integration strate-
gies.

Integrating gaze data into NLP supports cogni-
tively grounded language modeling by linking tex-
tual representations with observable reading be-
havior. Across corpora development, gaze synthe-
sis, and gaze-guided training, the reviewed stud-
ies show that eye-movement signals provide mea-
surable indicators of processing effort, attention
allocation, and reading dynamics that are not cap-
tured by text-only models. While current results
demonstrate the feasibility of gaze-informed model-
ing, future progress depends on larger multilingual
corpora, standardized evaluation protocols for syn-
thetic gaze, and architectures designed to process
spatiotemporal cognitive signals in a scalable and
privacy-aware manner.
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