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Abstract

Eye-Tracking (ET) data provide valuable in-
sights into human language processing and
have recently been employed across a wide
range of fields, from psycholinguistics to
NLP. In this work, we introduce CERVINO,
the largest Italian eye-tracking-while-reading
dataset to date, comprising data from more than
200 participants reading legal texts, recorded
at 120Hz. Our analyses show that the dataset
captures established psycholinguistic effects:
reading times are influenced by word length,
lexical frequency, and surprisal. We further
evaluate the usefulness of the dataset in down-
stream tasks by fine-tuning BERT on ET mea-
sures. Results show improved alignment be-
tween model attention and human reading be-
havior while preserving downstream task per-
formance. Moreover, combining our data
with higher-frequency ET resources yields the
strongest alignment results, suggesting that
lower-frequency ET data provide useful cog-
nitive signals. Overall, these findings indicate
that lower-frequency ET data retain sufficient
cognitive information to provide useful super-
vision for attention alignment and complement
existing high-frequency resources.1

1 Introduction

Eye-Tracking (ET) is a technology used to investi-
gate human behavior. It works by employing cam-
eras and infrared sensors to track the position of
the eyes while a person observes a visual stimulus,
such as written text. When applied to reading, ET
makes it possible to analyze how readers process
text. During reading, eye movements are typically
characterized by fixations and saccades. Fixations
are brief stops that typically occur on words, while
saccades are fast movements between two fixations,
and are used to reposition the point of focus. Eye

*Work done while at the University of Aosta Valley.
1The dataset is publicly available on zenodo and on py-

movements (Krakowczyk et al., 2023).

movements during reading have long been studied
in psycholinguistics, and many studies have shown
that they are closely related to cognitive process-
ing (Rayner, 1998, 2009). In particular, reading
times are influenced by several lexical and contex-
tual properties of words. Longer and less frequent
words typically require longer fixation times, while
more predictable words tend to be processed faster.
This latter effect is often explained through sur-
prisal theory (Hale, 2001; Levy, 2008), according
to which words that are less expected given the pre-
ceding context require greater processing effort. In
addition, Pimentel et al. (2023) suggested that read-
ing times may also reflect anticipatory uncertainty
about upcoming words, beyond surprisal alone.

In recent years ET data have been used in
many Natural Language Processing (NLP) tasks,
including linguistic acceptability (Bondar et al.,
2025b), named entity recognition (Hollenstein and
Zhang, 2019), readability (Scozzaro et al., 2024),
language proficiency (Berzak et al., 2018), read-
ing comprehension (Reich et al., 2022; Shubi
et al., 2024), text simplification (Gruteke Klein
et al., 2025), sentiment analysis (Mishra et al.,
2016; Yang and Hollenstein, 2023), and general
natural language understanding benchmarks like
GLUE (Deng et al., 2023a, 2024). ET data
have also proven useful in diagnostic applica-
tions, such as dyslexia (Prabha and Bhargavi, 2020;
Kasprowski, 2024) and Alzheimer’s disease detec-
tion (Barral et al., 2020; Jang et al., 2021). Re-
cently, ET data have been employed to steer lan-
guage model behavior (Wang et al., 2025; Säuberli
et al., 2026) and to align such systems with human
preferences (Bondar et al., 2025a; López-Cardona
et al., 2025). Finally, they offer a valuable resource
for interpretability by analyzing model internals in
relation to human attention patterns (Sood et al.,
2020; Eberle et al., 2022; Dini et al., 2025a,b).
A major limitation of ET-based research is the
scarcity of available data, since data collection is
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costly and difficult to scale. One way to mitigate
this limitation is to develop models that generate
synthetic scanpaths. Such approaches range from
classical cognitive models, such as EZ-Reader (Re-
ichle et al., 1998, 2009) and SWIFT (Engbert et al.,
2005), to more recent neural approaches (Deng
et al., 2023b; Bolliger et al., 2023, 2025b; Sood
et al., 2025). Data scarcity is further amplified
by the fact that most prior work relies on high-
frequency ET data (typically around 1000 Hz),
which require expensive laboratory equipment and
highly controlled experimental setups. In con-
trast, lower-frequency recordings remain underex-
plored and are often excluded from benchmark set-
tings (Shubi et al., 2025), even though they can
be collected with cheaper and more scalable ET
devices. This raises an important question: can
lower-frequency ET data still provide reliable and
useful signals for NLP applications?

Contributions We highlight three main contri-
butions of this work: i) we introduce the Corpus
of Eye-movements while Reading Valle d’Aosta
Italian NOrms (CERVINO), the largest publicly
available eye-tracking dataset of Italian texts to
date, with more than 200 participants; ii) we pro-
vide eye-tracking data on legal texts, a currently
under-represented domain in the literature; and
iii) we show that lower-frequency eye-tracking
data (120 Hz), which are substantially easier and
cheaper to collect than high-frequency data, still
capture established psycholinguistic effects and re-
tain sufficient information to support existing ET-
based NLP pipelines, improving attention align-
ment while preserving downstream performance.2

2 Related Work

Motivated by the growing use of ET data across
different research areas, recent years have seen the
development of several ET-while-reading datasets.
The availability of such resources varies across lan-
guages, with English being the most represented.
Widely used resources include Provo (Luke and
Christianson, 2018), ZuCo (Hollenstein et al., 2018,
2020), CELER (Berzak et al., 2022), EMTeC (Bol-
liger et al., 2025a), and OneStop (Berzak et al.,
2025). These datasets cover a variety of domains
and reading settings, including newswire texts, fic-
tion, popular science, machine-generated texts, and

2The code to replicate the experiments is available on
GitHub.

simplified reading materials. Moving beyond En-
glish, two widely used monolingual resources are
the Danish CopCo (Hollenstein et al., 2022; Björns-
dóttir et al., 2023; Reich et al., 2024) and the Ger-
man PoTeC (Jakobi et al., 2025a). To the best
of our knowledge, the only monolingual Italian
ET-while-reading dataset is ReadLet (Ferro et al.,
2024), which contains data from 94 children and 55
adults reading four children’s fantasy stories and
two short texts for adults. Multilingual resources
have also been proposed, such as MECO (Siegel-
man et al., 2022, 2025), which comprises more
than 1,100 participants across 13 languages includ-
ing 54 Italian participants; and MultiplEYE (Jakobi
et al., 2025b), a large-scale data collection initiative
covering more than 30 languages. For a comprehen-
sive overview of available ET resources, see Jakobi
et al. (2026).

Despite the growing number of datasets, re-
sources for Italian remain limited, motivating the
need for further data collection to support research
on reading behavior in this language. Moreover,
important domains such as legal texts are largely
missing from current ET datasets.

3 Experimental Design

In this Section we describe the experimental de-
sign of CERVINO, including text materials, par-
ticipants, procedure, and preprocessing steps em-
ployed to derive the ET measures.

3.1 Text Materials

Legal language is an important application domain
for readability assessment, text simplification, and
accessibility, yet it is largely absent from existing
ET resources. To help fill this gap, the Corpus
of Eye-movements while Reading Valle d’Aosta
Italian NOrms (CERVINO) includes four Italian-
language texts derived from two regional laws of
the Autonomous Region of Aosta Valley. The first
text (LUPO) is based on Regional Law no. 11 of
18 May 2021 concerning the management of is-
sues related to the wolf species. A second variant
(LUPO ERR) was created by introducing a set of
intentional linguistic anomalies. These included or-
thographic errors and morpho-syntactic or lexical
inconsistencies designed to induce local disruptions
during reading while preserving the overall struc-
ture of the text. The second text (CICL) is based
on Regional Law no. 14 of 29 July 2024 concern-
ing regional support measures for the UCI Moun-
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LUPO LUPO ERR CICL CICL SIMPL

Sentences 19 19 33 45
Sent. Length 26.0032.09 26.1132.26 23.7932.82 18.5119.21
Words 494 496 785 833
TTR 0.56 0.57 0.44 0.44
Word Length 5.713.57 5.723.57 5.733.76 5.623.56
Word Freq. 5.531.43 5.531.43 5.341.52 5.371.59
Flesch 23.16 22.90 27.12 38.61
Gulpease 44.06 43.92 46.46 51.23
READ-IT 95.50 97.70 100.00 99.60

Table 1: Descriptive statistics for the four text variants in
the CERVINO dataset. Values are reported as meansd.

tain Bike World Series competitions. A simplified
version (CICL SIMPL) was produced by a linguist
following plain-language principles. Simplifica-
tion involved reorganizing information to improve
salience, splitting long and syntactically complex
sentences, and replacing technical expressions with
more frequent lexical alternatives.

Table 1 reports descriptive statistics for each
text, including the number of sentences, mean sen-
tence length, total number of words, mean word
length, type-token ratio (TTR), word frequencies,
and three readability scores. Word frequencies
were computed using the wordfreq library3 and
expressed on the Zipf scale. Readability was as-
sessed using three measures: i) the Italian adapta-
tion of the Flesch Reading Ease score (Franchina
and Vacca, 1986); ii) Gulpease (Lucisano et al.,
1988); and iii) READ-IT (Dell’Orletta et al., 2011).
For the first two higher values indicate easier texts,
whereas higher READ-IT scores correspond to
greater difficulty.

Comparing LUPO and LUPO ERR, the introduc-
tion of errors leads to a slight decrease in readabil-
ity. Comparing CICL and CICL SIMPL, the simpli-
fied version contains more words due to a higher
number of shorter sentences. Importantly, all three
readability measures indicate that CICL SIMPL is
more readable than the original version.

3.2 Participants

A total of 244 participants (61 per text) were re-
cruited. Participants were adult native speakers of
Italian, predominantly university students, and all
had normal or corrected-to-normal vision. Each
participant was assigned to a single text condition.
After data collection, 37 participants were excluded
due to technical issues or self-reported reading im-
pairments (e.g., dyslexia), resulting in a final sam-
ple of 207 participants. Descriptive statistics for the

3https://pypi.org/project/wordfreq/

N Age Gender Education
LUPO 51 23.244.57 F:35, M:16 14.962.47
LUPO ERR 58 23.004.07 F:30, M:28 14.102.01
CICL 41 21.391.92 F:31, M:10 13.370.99
CICL SIMPL 57 21.752.22 F:13, M:44 13.601.70
Total 207 22.313.45 F:109, M:98 14.031.98

Table 2: Participant demographics by text. Age and
education are reported as meansd (years). Gender is self-
reported and given as counts (F = female, M = male).

final sample are reported in Table 2, including age,
gender distribution, and years of education. Over-
all, the mean age is 22.31 ± 3.45 years, ranging
from 18 to 33. The dataset comprises 109 female
and 98 male participants and the average years of
education is 14.03± 1.98.

3.3 Procedure

ET data were recorded using a Tobii Pro Fusion de-
vice (120 Hz) with binocular tracking, positioned
below the monitor of a laptop with an 15.6-inch
display and a resolution of 1920 × 1080. The ex-
periment was designed with the Tobii Pro Lab soft-
ware. Texts were presented in black Easy Reading
font on a white background. Each text was dis-
played across multiple screens (i.e., segments), and
reading was self-paced: participants pressed the
space key to proceed to the next screen after finish-
ing each segment. Returning to previous screens
was not possible. Participants were seated approx-
imately 60 cm from the screen. Head movements
were not constrained (no chinrest was used), and
participants were instructed to minimize head and
body movements during recording. Prior to the
experiment, a 9-point calibration procedure was
performed. For LUPO and LUPO ERR, participants
were informed before reading that the reading mate-
rial might contain errors. Further details about the
experimental setup are provided in Appendix A.1.
After reading the text, participants completed a
post-reading questionnaire aimed at assessing com-
prehension. The same protocol was adopted for
each pair of text variants, ensuring comparability
between original and manipulated versions. For
LUPO and LUPO ERR, comprehension was mainly
evaluated through open-ended questions. Partici-
pants were asked to summarize the content of the
law, explain selected legal expressions, and discuss
specific terms appearing in the text. For CICL and
CICL SIMPL, the protocol was revised to include
a more structured comprehension assessment. In
addition to summary questions, participants com-
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pleted 8 true/false statements targeting specific in-
formation contained in the text. The entire experi-
ment lasted approximately 20 minutes.

3.4 Preprocessing and Reading Measures

Eye movement events were classified in Tobii Pro
Lab using the I-VT (Velocity-Threshold Identifi-
cation) algorithm with default settings (Salvucci
and Goldberg, 2000). Word-level Areas Of Inter-
est (AOIs) (Hooge et al., 2026) were generated
within Tobii Pro Lab, and fixations were assigned
to AOIs using the software. Initial preprocessing
was performed in Tobii Pro Lab to extract scanpaths
aligned with AOIs. Subsequent preprocessing was
done using custom Python code, where fixations
shorter than 100 ms were removed, following Hol-
lenstein et al. (2022). The resulting scanpaths were
then used to compute aggregated ET measures. We
extracted a set of standard word-level ET measures,
grouped as follows (see Table 5 in Appendix A.2
for formal definitions):

Continuous measures (ms)
• first-fixation duration (FFD)
• first duration (FD)
• first-pass reading time (FPRT)
• single-fixation duration (SFD)
• first-reading time (FRT)
• total-fixation time (TFT)
• re-reading time (RRT)
• inclusive regression-path duration (RPD_inc)
• exclusive regression-path duration (RPD_exc)
• right-bounded reading time (RBRT)

Binary measures
• skipped
• first-pass fixation (FPF)
• re-reading (RR)

Count measures
• total fixation count (TFC)
• total count of outgoing regressions (TRC_out)
• total count of incoming regressions (TRC_in)

4 Data Analysis

In this section we focus on a subset of the col-
lected ET measures, namely FFD, FPRT, TFT, RRT,
skipped, FPF, and RR. These measures capture dif-
ferent stages of the reading process. Early mea-
sures, such as FFD and FPRT, are typically associ-
ated with initial lexical access and early processing.
In contrast, later measures, such as TFT and RRT,

are associated with global processing and seman-
tic integration. Lastly, binary measures provide
complementary information about word skipping,
first-pass fixation, and re-reading behavior.

As a point of comparison, we consider the Ital-
ian subset of the MultiplEYE data, which includes
51 participants reading 10 texts from different do-
mains, recorded at 1000 Hz. Specifically, in this
Section we focus on the two institutional texts, Hu-
manRights and LearningMobility (Kasperė et al.,
2026). These texts are formal, impersonal, and
highly structured, and are the closest in style to the
legal texts in our dataset.

4.1 Mean Reading Measures

Figure 1 shows the distributions of the chosen mea-
sures across our four texts and the two MultiplEYE
texts. All continuous measures are reported in ms.
Comparing LUPO and LUPO ERR, early measures
associated with lexical access (FFD and FPRT) are
higher in LUPO ERR. In particular, mean FFD in-
creases from 216.98 to 232.74 (+7%), while FPRT
remains comparable (327.77 vs. 325.00). In con-
trast, later measures decrease in LUPO ERR, with
mean TFT dropping from 425.91 to 400.49 (−6%)
and RRT from 392.53 to 371.00 (−5%). Regard-
ing binary measures, RR is considerably lower in
LUPO ERR than in LUPO, while FPF is higher, indi-
cating more careful first-pass processing. This pat-
tern is compatible with the intended design of the
introduced errors, which were meant to primarily
affect early, surface-level processing without sub-
stantially impacting deeper semantic integration.
A different pattern emerges when comparing CICL

and CICL SIMPL, where all measures are higher
in the simplified version. Specifically, mean FFD
increases from 206.28 to 230.45 (+12%), FPRT
from 316.36 to 344.30 (+9%), TFT from 435.12 to
505.22 (+16%), and RRT from 406.62 to 467.43
(+15%).4

Comparing our data with MultiplEYE, mean
FFD in our data ranges from 206 to 232 ms, com-
pared to approximately 215–216 ms in Multipl-
EYE, while FPRT is considerable higher in our
data (316–344 ms vs. 263 ms). Larger differences
emerge for measures associated with later process-
ing. Mean TFT is lower in MultiplEYE (334–354
ms vs. 400–505 ms in our data), and the same pat-
tern holds for RRT (281–310 ms vs. 371–467 ms).

4Given differences in both the underlying texts and reader
populations, statistical comparisons are not directly applicable,
and results should be interpreted descriptively.
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(a) Continuous measures (FFD, FPRT, TFT, RRT). (b) Binary measures (skipped, FPF, RR).

Figure 1: Distribution of reading measures across texts. Values are computed as reader-level means (i.e., the mean
of each measure per reader). The black line indicates the median of these reader-level means.

Despite differences in central tendency, interquar-
tile ranges are broadly comparable across datasets,
suggesting similar levels of reader-level variability.

Two factors may contribute to the observed dif-
ferences. First, the text types differ: while both
involve formal registers, the institutional texts in
MultiplEYE differ from legal texts in structure and
complexity, and text genre is known to influence
reading measures (Bolliger and Jäger, 2025). Sec-
ond, differences in recording equipment may con-
tribute, as MultiplEYE data were collected at a
higher sampling rate (1000 Hz vs. 120 Hz), poten-
tially yielding more precise fixation estimates.

Finally, we examined whether the increased read-
ing times observed for the simplified text were as-
sociated with differences in comprehension. Read-
ers of CICL SIMPL achieved higher comprehension
scores than readers of the CICL, with a mean of 5.18
(SD = 1.34) correct answers out of 8, compared to
4.46 (SD = 1.29) for the original text. No signifi-
cant correlation emerged between comprehension
scores and mean reading measures, suggesting that
the relationship between ET measures and compre-
hension may not be straightforward, in line with
previous findings (Siegelman et al., 2025).

4.2 Psycholinguistic effects
We analyzed the impact of three well-known psy-
cholinguistic predictors: surprisal, lexical fre-
quency, and word length. Surprisal quantifies how
unexpected a word is in context, and is defined
as the negative log-probability assigned to a word
given its preceding context (Hale, 2001):

surprisal(wn) = − log2 P (wn | w1, . . . , wn−1).

Higher surprisal values therefore indicate less pre-
dictable words. We estimated surprisal values using
an Italian version of GPT-2: GePpeTto (De Mattei

et al., 2020).5 Following Bolliger and Jäger (2025),
continuous reading-time measures were modeled
after excluding zeros and log-transforming the
measures. The predictors were word surprisal,
lexical Zipf frequency, and word length, all z-
scored before model fitting. We fitted linear mixed-
effects models using lmer and generalized linear
mixed-effects models using glmer with a Bernoulli-
logit link for binary measures. Models included
by-subject random intercepts and random slopes
for surprisal, and by-item random intercepts (Ap-
pendix A.3 for details). Fixed-effect estimates
are reported with 95% Wald confidence inter-
vals. Statistical significance was assessed using
Satterthwaite-approximated t-tests for continuous
models (Satterthwaite, 1946), and Wald z-tests for
binary models (Wald, 1943).

Figure 2 shows a similar pattern across the six
texts. Overall, word length exhibits the largest
effect on reading times among the three predic-
tors considered: longer words are associated with
higher reading measures in all texts, with the largest
effects observed for global measures (TFT and
RRT). Interestingly, the effect of word length is
smaller or not statistically significant for FFD. Fre-
quency shows the opposite pattern, with higher-
frequency words generally associated with shorter
reading times. Surprisal is positively correlated
with reading times, although its effect is smaller
and not always statistically significant. We also
conducted the surprisal analysis using the more
recent Minerva-350M (Orlando et al., 2024) and
obtained highly consistent results. Across the four
CERVINO texts and the four continuous reading-
time measures, surprisal coefficients had the same

5GePpeTto estimates probabilities at the subword level;
these were summed to obtain AOI-level surprisal values, fol-
lowing standard practice (Wilcox et al., 2023).

55273



(a) Continuous models.

(b) Binary models.

Figure 2: Fixed-effect estimates for the psycholinguistic predictors across the six texts. Error bars indicate 95% Wald
confidence intervals. Filled points denote significant effects (p < 0.05), while open points denote non-significant
effects.

positive direction in all cases (16/16), and the stan-
dardized fixed-effect estimates were strongly cor-
related with those obtained using GePpeTto (Pear-
son’s r = 0.91, p < 0.001).

Among the reading measures, FFD shows the
smallest coefficients and the least consistent signifi-
cance pattern. In contrast, TFT is the most affected
measure, followed by RRT, suggesting that psy-
cholinguistic properties have a larger impact on
later stages of word processing. Despite differ-
ences in absolute values, our data exhibit patterns
broadly consistent with those observed in Multipl-
EYE, indicating that lower-frequency recordings
can still capture meaningful aspects of human read-
ing behavior.

5 Downstream Tasks

A central question of this work is whether ET data
collected with lower-frequency (and lower-cost)
devices can still provide useful signals for NLP
models. This is particularly relevant for scalable re-
source creation, since portable and affordable eye
trackers may enable the collection of larger and
more diverse datasets than traditional laboratory se-
tups. Recent work on mouse tracking (Wilcox et al.,
2024) suggests that lower-quality behavioral sig-
nals can serve as useful proxies before fine-tuning
on higher-quality data (Reich et al., 2025). In this
section, we aim to achieve two main goals: i) repli-
cate findings reported for English by Dini et al.
(2025a), showing that fine-tuning on ET data im-
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Test set Model FFD FPRT TFT RRT skipped FPF RR

HumanRights

BERT 0.20 0.20 0.21 0.19 0.25 0.25 0.23
BERTLearningMobility 0.20∗ 0.22 0.24 0.20 0.29 0.29 0.26
BERTCER 0.20∗ 0.24 0.26 0.21 0.31 0.31 0.28
BERTME_NO_HumanRights 0.20∗ 0.24 0.27 0.22 0.33 0.33 0.29
BERTCER-LearningMobility 0.20∗ 0.25 0.27 0.22 0.33 0.33 0.29
BERTCER-ME_NO_HumanRights 0.20∗ 0.26 0.29 0.24 0.36 0.36 0.31

LearningMobility

BERT 0.15 0.19 0.23 0.20 0.24 0.23 0.22
BERTHumanRights 0.15∗ 0.19∗ 0.23∗ 0.20 0.26 0.26 0.23∗

BERTCER 0.16 0.20 0.25 0.22 0.29 0.29 0.26
BERTME_NO_LearningMobility 0.17 0.23 0.27 0.23 0.32 0.32 0.27
BERTCER-HumanRights 0.16 0.22 0.26 0.23 0.31 0.31 0.27
BERTCER-ME_NO_LearningMobility 0.17 0.24 0.29 0.25 0.33 0.33 0.29

Table 3: Mean Spearman correlation between model attention and human ET measures across model variants and
test sets. Values are averaged over five runs. Subscripts indicate the data used for ET fine-tuning: CER refers to
CERVINO; HumanRights and LearningMobility denote single-text fine-tuning; ME denotes MultiplEYE; “NO_X”
indicates that text X is excluded from training; hyphenated variants denote sequential fine-tuning. Bold indicates
the highest score per measure and test set. ∗ marks differences from BERT that are not statistically significant
(paired Wilcoxon signed-rank test, p < 0.05).

proves alignment with human attention without
substantially degrading downstream task perfor-
mance; and ii) assess the usefulness of our data in
combination with a higher-quality dataset, namely
the Italian subset of MultiplEYE.

5.1 Attention Patterns

To study the alignment between human and model
attention, we used an Italian BERT.6 We treated
fine-tuning on ET data as a multi-label token-level
regression task, where the model predicts the seven
ET measures used in Section 4 simultaneously for
each token in a text.7 To evaluate whether fine-
tuning on ET data modifies the model’s attention
patterns, we computed the Spearman correlation
coefficient between human attention and model at-
tention across layers, following Dini et al. (2025a).8

Model attention scores were extracted from the at-
tention values assigned by the [CLS] token to each
input token, using only the first sub-token in case of
word splitting. Correlation scores were computed
per layer and then averaged to obtain a single value
for each model-measure pair. Higher values indi-
cate stronger alignment between model attention
and human reading behavior. Reader-level mea-

6https://huggingface.co/dbmdz/
bert-base-italian-uncased

7For multi-token words, features were associated only with
the first sub-token, following Hollenstein et al. (2021).

8Raw attention scores are only one possible proxy for
model interpretability and have known limitations. Alternative
attribution methods, such as ALTI (Ferrando et al., 2022) and
ValueZeroing (Mohebbi et al., 2023), may provide a more
faithful characterization of token importance and represent
promising directions for future work.

sures were aggregated as described in Section 4.1
and min-max scaled. We consider both single-stage
and sequential fine-tuning settings. In the latter,
the model is first fine-tuned on the ET measures
derived from our four texts and then further fine-
tuned on the ET measures from selected Multipl-
EYE texts. We also include settings in which the
second stage uses only a single MultiplEYE text,
simulating a realistic scenario in which only limited
high-quality ET data are available. These settings
allow us to assess whether lower-frequency ET data
can complement higher-quality data. Evaluation
was conducted on the HumanRights and Learning-
Mobility reading measures. To ensure a fair compar-
ison, when using MultiplEYE data we excluded the
test text from the training set. Experiments were
repeated over five runs and results are reported as
averages across runs. We compared each fine-tuned
model against the pre-trained BERT using paired
Wilcoxon signed-rank tests on matched attention-
correlation scores, run separately for each of the
five seeds. A difference was considered robust
only if the test was significant in all five runs. Ap-
pendix A.4 reports training details and additional
results on ET measure prediction.

Table 3 reports the alignment between model
attention and human ET measures across model
variants and test sets. Overall, fine-tuning on ET
data consistently improves attention alignment over
the BERT baseline. Comparing data sources, mod-
els trained only on our data (BERTCER)9 achieve

9The CER setup includes all four texts collected in our
dataset.
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slightly lower performance than those trained
only on MultiplEYE (BERTME_NO_HumanRights and
BERTME_NO_LearningMobility), likely due to the larger
number of texts and higher quality of the latter.
Combining the two sources yields the strongest re-
sults: sequential fine-tuning on CER followed by a
single MultiplEYE text matches the performance of
using MultiplEYE alone on HumanRights, and ap-
proaches it on LearningMobility, while leveraging
all available data achieves the best overall perfor-
mance. These results suggest that lower-frequency
ET data, while individually less informative, pro-
vide useful signals that can be effectively combined
with higher-quality data, even when only limited
amounts of the latter are available.

5.2 NLP Benchmarks

We evaluate our models on several established
Italian NLP benchmarks, relying on datasets
released in EVALITA campaigns,10 to assess
whether ET fine-tuning leads to marked degrada-
tion in downstream task performance, i.e., catas-
trophic forgetting. The tasks include Hate Speech
(HS) (Sanguinetti et al., 2020), Irony Detection
(IRON) (Cignarella et al., 2018), Named Entity
Recognition (NER) (Palmero Aprosio et al., 2023),
Part-of-Speech Tagging (POS) (Bosco et al., 2020),
and Sentiment Analysis (SA) (Barbieri et al., 2016).
All benchmarks provide official training and testing
splits. When no validation split was available, we
randomly sampled one from the training data. We
selected a subset of the models presented in Section
5.1, excluding those fine-tuned on a single Multi-
plEYE text due to their limited gains in attention
alignment. To adapt the models to these bench-
marks, we removed the additional linear layer used
for predicting reading measures. For each task, we
fine-tuned the models on the training set for three
epochs. We performed a hyperparameter search
over the learning rate, selecting the configuration
that achieved the best performance on the valida-
tion set. Final scores were obtained by averaging
results across five runs.

Table 4 reports the results on the downstream
NLP benchmarks. Overall, fine-tuning on ET data
leads to only negligible performance decreases, in
line with previous results reported for English (Dini
et al., 2025a). Across tasks, ET-enhanced models
generally achieve performance comparable to the
BERT baseline, with differences often within a few

10https://www.evalita.it/

percentage points. In some cases, they match the
baseline performance, such as on IRON and SA,
while larger decreases are mainly observed for HS
and NER. Notably, models fine-tuned on our data
also show only limited performance degradation.

These findings should be interpreted together
with the attention-alignment results presented in
Section 5.1. Fine-tuning on ET data substantially
improves alignment with human reading behav-
ior while largely preserving downstream NLP per-
formance, also when using our dataset. Overall,
these results suggest that lower-frequency ET data
can provide cognitively meaningful signals without
causing catastrophic forgetting.

6 Conclusions

In this work we presented CERVINO, an Italian
ET dataset collected during natural reading on le-
gal texts. To the best of our knowledge, this is the
largest publicly available ET resource for Italian
to date, comprising data from more than 200 par-
ticipants. It addresses two important gaps in the
existing literature: the limited availability of ET re-
sources for Italian and the lack of data covering the
legal domain. This resource can enable future work
on legal language readability, text simplification,
and accessibility.

Our analyses show that the dataset captures
known psycholinguistic effects during reading. In
particular, word length, lexical frequency, and sur-
prisal affect reading measures in expected direc-
tions, with patterns broadly comparable to those
observed in higher-frequency resources. We further
evaluated the usefulness of the dataset in down-
stream experiments. Fine-tuning BERT on our ET
measures improves the alignment between model
attention and human reading behavior. Moreover,
when combined with higher-frequency data, it leads
to the strongest alignment results. Finally, exper-
iments on Italian NLP benchmarks show that ET
fine-tuning improves cognitive alignment with neg-
ligible decrease in downstream task performance,
replicating findings previously reported for English.
The experiments suggest that low-frequency record-
ings preserve much of the information contained
in continuous eye-tracking measures. In contrast,
binary measures appear to be more sensitive to the
reduced temporal resolution, as reflected by their
lower MAE performance when models are fine-
tuned exclusively on CERVINO (Table 7). This
observation is consistent with the intuition that bi-
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Model HS IRON NER POS SA AVG
BERT 0.740.04 0.700.01 0.890.01 0.93<0.01 0.700.02 0.79
BERTCER 0.710.02 0.690.02 0.870.01 0.92<0.01 0.700.02 0.78
BERTME_NO_LearningMobility 0.720.03 0.690.01 0.860.01 0.92<0.01 0.700.02 0.78
BERTME_NO_HumanRights 0.720.01 0.700.01 0.870.02 0.92<0.01 0.690.02 0.78
BERTCER-HumanRights 0.710.03 0.700.01 0.87<0.01 0.92<0.01 0.710.02 0.78
BERTCER-LearningMobility 0.720.03 0.690.02 0.87<0.01 0.92<0.01 0.700.02 0.78
BERTCER-ME_NO_LearningMobility 0.710.02 0.700.01 0.860.01 0.92<0.01 0.690.02 0.78
BERTCER-ME_NO_HumanRights 0.700.02 0.680.03 0.87<0.01 0.92<0.01 0.670.02 0.77

Table 4: Results on Italian downstream tasks. Values are reported as meansd over five runs. Bold indicates the
highest score for each task and for the overall average.

nary fixation decisions depend on accurately de-
tecting short fixations, which become harder to
measure at lower sampling rates. Although a con-
trolled comparison would require recording the
same participants reading the same texts under dif-
ferent acquisition settings, these results suggest
that lower-frequency eye tracking may be better
suited to modeling continuous reading measures
than binary fixation events.

Overall, these findings indicate that data col-
lected with a 120 Hz eye tracker can still capture
meaningful psycholinguistic effects and provide
informative cognitive signals, particularly for con-
tinuous eye-tracking measures. Our results do not
suggest that lower-frequency data replace high-
frequency ET data; rather, they show that lower-
cost recordings can effectively complement exist-
ing high-frequency resources for cognitive model-
ing and NLP, while enabling more scalable data
collection.

Limitations

Our study has limitations related to data collection,
preprocessing, and model training. A considerable
number of recordings (37) were excluded from the
final dataset. Of these, approximately 15 corre-
spond to participants with learning disorders; we
plan to release these data in future work with ap-
propriate methodological adaptations. Around 10
exclusions were due to errors in the text materials,
while the remaining cases were caused by issues re-
lated to the ET device. Another limitation concerns
the assessment of reading comprehension. During
data collection, the comprehension protocol was
revised from open-ended questions to a structured
questionnaire based on the experience gained in
the initial phase of the study, resulting in different
assessment protocols across the two pairs of texts.
Moreover, the simplified and error-containing con-

ditions are each represented by a single text, limit-
ing the generalizability of our analyses.

While the dataset is overall balanced, partici-
pant distributions differ across subsets due to varia-
tions in recruitment settings. In particular, CICL is
skewed towards female participants, whereas CICL

SIMPL is skewed towards male participants.
Event detection and AOI assignment rely on the

default I-VT settings provided by the Tobii Pro
Lab software, without additional manual correction
procedures. This may affect the precision of the
fixation estimates.

Lastly, we note a limitation of the ET fine-tuning
setup. All models were trained for a fixed number
of 100 epochs, without hyperparameter optimiza-
tion on a validation set. We selected 100 epochs
based on preliminary experiments showing that
training had largely converged by that point. While
this choice is suboptimal and may affect down-
stream performance, it was necessary due to the
limited amount of available ET data. In contrast,
downstream NLP benchmarks were tuned using
validation sets.

Ethical Considerations

Informed consent was obtained from all partici-
pants prior to the experiment, including consent for
the reuse of anonymized data for research purposes.
The study was reviewed and approved by the Data
Protection Officer (DPO) of the University of Aosta
Valley. Participation was voluntary and unpaid. All
eye-tracking recordings and demographic metadata
were anonymized prior to processing and analy-
sis, and no personally identifiable information is
included in the released dataset. The resource is
intended exclusively for research on reading be-
havior, cognitive modeling, readability, and NLP
applications.
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A Appendix

A.1 Experimental Setup

This section provides additional details about the
experimental setup. Texts were presented in black
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Measure Abbr. Definition
Continuous measures (ms)
first-fixation duration FFD Duration of the first fixation on a word if it is fixated during first-pass reading, otherwise 0.
first duration FD Duration of the first fixation on a word (identical to FFD if not skipped in the first pass).
first-pass reading time FPRT Sum of the durations of all first-pass fixations on a word (0 if skipped in first pass).
single-fixation duration SFD Duration of the only first-pass fixation on a word; 0 if skipped or multiple fixations occur.
first-reading time FRT Sum of fixation durations from the first fixation on a word until leaving it for the first time.
total-fixation time TFT Sum of all fixations on a word (FPRT + RRT).
re-reading time RRT Sum of fixation durations after first-pass reading (TFT − FPRT).
inclusive regression-path duration RPD_inc Sum of fixations from first-pass fixation until moving to a word to the right, including regressions.
exclusive regression-path duration RPD_exc Same as RPD_inc excluding fixations on the current word.
right-bounded reading time RBRT Sum of fixations on a word until a word to the right is fixated.
Binary measures
skipped skipped 1 if the word is skipped, otherwise 0.
first-pass fixation FPF 1 if the word is fixated during first-pass reading, otherwise 0.
re-reading RR 1 if the word is fixated after first-pass reading, otherwise 0.
Count / ordinal measures
total fixation count TFC Total number of fixations on a word.
total count of outgoing regressions TRC_out Total number of regressions initiated from the word.
total count of incoming regressions TRC_in Total number of regressions landing on the word.

Table 5: Overview of ET measures. Definitions adapted from Table 12 in Jakobi et al. (2025a).

Easy Reading font on a white background with
wide line spacing. The font used is a highly
legible dyslexia-friendly typeface specifically de-
signed for the Italian language, with the aim of
facilitating reading and reducing perceptual crowd-
ing (Canali et al., 2021). The physical display size
was 34.5× 19.5 cm. The Area of Interest around
each word was set to 2 cm, and the approximate
character height ranged from 0.5 to 1 cm. Before
the reading task, the interviewer introduced the
study and its objectives. After obtaining informed
consent, participants were asked to provide socio-
demographic information, including age, educa-
tional background, geographical area of residence,
and native language. These data were collected to
support subsequent analyses relating eye-tracking
measures to the main socio-demographic character-
istics of the sample.

Before each recording session, a standard cali-
bration procedure was performed, yielding an av-
erage calibration error of 0.281◦ of visual angle,
in line with the recommendations by Hooge et al.
(2024), who suggest calibration errors below ap-
proximately 0.5◦.

A.2 Eye-Tracking Measures

Table 5 reports the ET measures extracted in our
preprocessing pipeline together with their defini-
tions. The resulting feature representation is com-
patible with the ET measure format adopted in the
MultiplEYE corpus (Jakobi et al., 2025b).

A.3 Psycholinguistic Analyses

Below we report the lme4 specifications used for
the psycholinguistic analyses. Continuous models

Hyperparameter ET FT Benchmark FT
Optimizer AdamW AdamW

Learning rate 2× 10−5 {10−4, 10−5,
2× 10−5, 5× 10−5}

Batch size 8 64
Epochs 100 3
Sequence length 256 128
Loss function MSELoss CrossEntropyLoss

Table 6: Hyperparameters used for ET and downstream
fine-tuning experiments.

were specified as:

log(Y ) ∼ 1 + word_lengthz + freqz

+ surprisalz

+ (1 + surprisalz || subject)
+ (1 | item)

The term (1 + surprisalz || subject) is shorthand
for a by-subject random intercept and a by-subject
random slope for surprisal, with the intercept–slope
correlation constrained to zero. The binary models
used the same fixed- and random-effects structure
with a Bernoulli-logit link:

Y ∼ 1 + word_lengthz + freqz

+ surprisalz

+ (1 + surprisalz || subject)
+ (1 | item)

A.4 Fine-Tuning Details and ET Prediction
Results

Table 6 reports the hyperparameters used for ET
and downstream fine-tuning experiments with the
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Test Model FFD FPRT TFT RRT skipped FPF RR

HumanRights

BERTLearningMobility 0.083 0.087 0.087 0.086 0.125 0.129 0.116
BERTME_NO_HumanRights 0.037 0.027 0.033 0.040 0.076 0.081 0.086
BERTCER 0.040 0.043 0.060 0.073 0.119 0.258 0.236
BERTCER-LearningMobility 0.071 0.080 0.078 0.075 0.105 0.108 0.098
BERTCER-ME_NO_HumanRights 0.035 0.025 0.032 0.038 0.075 0.080 0.087

LearningMobility

BERTHumanRights 0.133 0.125 0.148 0.110 0.161 0.165 0.199
BERTME_NO_LearningMobility 0.037 0.027 0.043 0.046 0.093 0.098 0.141
BERTCER 0.042 0.048 0.072 0.086 0.120 0.277 0.232
BERTCER-HumanRights 0.107 0.102 0.114 0.081 0.120 0.122 0.177
BERTCER-ME_NO_LearningMobility 0.036 0.025 0.043 0.046 0.088 0.096 0.136

Table 7: MAE across model variants and test sets. ET measures were min-max scaled to the [0, 1] range before
training and evaluation; Lower values indicate better performance. CER refers to CERVINO; ME denotes
MultiplEYE; “NO_X” indicates that text X was excluded from training; hyphenated variants denote sequential
fine-tuning. Bold indicates the best score for each measure and test set.

Italian BERT model (110M parameters). All ex-
periments were repeated across five runs on an
NVIDIA T4 GPU.

For ET fine-tuning, models were trained for 100
epochs using the AdamW optimizer, a learning rate
of 2×10−5, a batch size of 8, and a sequence length
of 256.

For downstream fine-tuning, models were
trained for 3 epochs using the AdamW optimizer,
a sequence length of 128, and a batch size of 64.
Learning rates were selected through grid search
over {10−4, 10−5, 2×10−5, 5×10−5}. Validation
performance was monitored at each epoch, and the
best-performing checkpoint was used for testing.

Table 7 reports the Mean Absolute Error (MAE)
obtained by different model variants when predict-
ing ET measures on the test sets. Models fine-tuned
on ET data from a single text generally show higher
errors than those trained on larger resources. The
best overall results are obtained by sequentially
fine-tuning on CERVINO and MultiplEYE while
excluding the target test text from training. This
pattern is particularly evident for the continuous ET
measures. For the binary measures, models fine-
tuned exclusively on CERVINO perform worse
than those trained on MultiplEYE, suggesting that
binary fixation events may be more sensitive to the
lower temporal resolution of the recordings.
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