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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.
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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

https://multipleye.eu
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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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