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Abstract
Eye movements during reading offer a window into cognitive processes and language comprehension, but
the scarcity of reading data with interruptions – which learners frequently encounter in their everyday learning
environments – hampers advances in the development of intelligent learning technologies. We introduce InteRead
– a novel 50-participant dataset of gaze data recorded during self-paced reading of real-world text. InteRead
further offers fine-grained annotations of interruptions interspersed throughout the text as well as resumption lags
incurred by these interruptions. Interruptions were triggered automatically once readers reached predefined target
words. We validate our dataset by reporting interdisciplinary analyses on different measures of gaze behavior.
In line with prior research, our analyses show that the interruptions as well as word length and word frequency
effects significantly impact eye movements during reading. We also explore individual differences within our
dataset, shedding light on the potential for tailored educational solutions. InteRead is accessible from our datasets
web-page: https://www.ife.uni-stuttgart.de/en/llis/research/datasets/.
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1. Introduction
Attention-aware learning technologies (AALT)
have been increasingly studied to facilitate learn-
ing and engagement in educational contexts. In
recent years, the landscape of learning technolo-
gies has undergone rapid transformation, accel-
erated in part by the global upheaval caused by
the COVID-19 pandemic, which intensified the de-
mand for digital learning solutions (Kang, 2021).
Within this evolving educational landscape, eye
tracking has risen to prominence as a powerful
methodology for AALT (Hutt et al., 2021). As read-
ing is one of the most prominent aspects of edu-
cational contexts and a challenging learning pro-
cess (Wijekumar et al., 2012), learning technolo-
gies for reading have been developed to facilitate
teaching, evaluation, and research of reading abil-
ities such as acquisition, comprehension, literacy,
and text readability (Litman, 2016; Jacovina and
McNamara, 2017; Atun, 2020).
Understanding eye movements during reading
can offer unique insights into the lexical processes
and cognitive skills associated to reading compre-
hension and attention mechanisms (Just and Car-
penter, 1980; Rayner et al., 1989; Schilling et al.,
1998; Engbert et al., 2002). For instance, gaze be-
havior allows us to measure and model compre-
hension, attention allocation, individual and dis-
rupted behaviors (Reichle et al., 1998; Rayner
et al., 2006, 2010; Reichle et al., 2010). These
insights have, in turn, motivated further develop-

ment of a variety of gaze-based AALT, designed
to assist learners’ attention during computerized
reading (D’Mello, 2019) and optimize the read-
ing process (Sibert et al., 2000; Srivastava et al.,
2021). Recently, the integration of larger eye
tracking corpora for natural language processing
(NLP) purposes has proved beneficial for vari-
ous tasks, including predicting reader comprehen-
sion (Mézière et al., 2023), enhancing text under-
standing (Barrett and Hollenstein, 2020; Mathias
et al., 2020) and interpreting computational lan-
guage models (Sood et al., 2020).

However, one key challenge remains: a scarcity of
real-world gaze behavior data, which encompass
interruptions that learners frequently encounter
in digital learning environments (Potier Watkins
et al., 2020). Existing public corpora largely orig-
inate from experiments that are not explicitly de-
signed to capture the disruptions prevalent in edu-
cational environments, which can significantly im-
pact focus and memory (Naveh-Benjamin et al.,
2007; Armendariz et al., 2021). Additionally, cur-
rent gaze-based AALT exhibit limited adaptability
to individual learner experiences, with intervention
strategies supporting only specific learners (Hutt
et al., 2021). Despite being still insufficiently ex-
plored (Bai et al., 2014), investigating the influ-
ence of individual differences on how we handle
interruptions while reading holds the potential to
enhance the design of adaptive interventions and
AALT.

https://www.ife.uni-stuttgart.de/en/llis/research/datasets/


To address these limitations, we introduce In-
teRead1, the interrupted reading eye tracking cor-
pus. InteRead is a novel eye tracking dataset
featuring 50 participants engaged in a self-paced
reading task of an excerpt from an English fictional
text, deliberately interrupted to simulate naturalis-
tic scenarios. This corpus inherits the advantages
of larger eye tracking reading corpora with natu-
ralistic stimuli, offering researchers versatility for
investigating specific linguistic processes and ex-
ploring the cognitive reading skills inherent in the
learning process (Hollenstein et al., 2022). More
specifically, InteRead offers the opportunity to fur-
ther examine the impact of interruptions on read-
ing as well as the influence of individual differ-
ences on how we recover from such interruptions.
Ultimately, it provides additional insights to refine
gaze-based AALT for a more personalized reading
experience.

2. Related Work
Gaze-Based Attention-Aware Learning Tech-
nologies for Reading Attention-aware learning
technologies (AALT) are educational software de-
signed to track, respond to, and model learn-
ers’ attentional states, especially during disrup-
tions (D’Mello, 2019). Eye tracking has emerged
as a valuable tool for AALT development since it
captures gaze behavior and allows for inferring
learners’ attention (Gluck et al., 2000; Conati et al.,
2013; D’Mello et al., 2012; Hutt et al., 2016). In ed-
ucational contexts, reading and understanding text
is one of the most complex and challenging cogni-
tive skills to learn and teach (Elleman and Oslund,
2019; Smith et al., 2021). Research showcas-
ing the strong link between eye movements and
the cognitive processes involved in reading (Just
and Carpenter, 1980) has resulted in the devel-
opment of various computational models (Reichle
et al., 1998; Rayner, 1998) and applications de-
signed to understand and enhance the reading ex-
perience (Kunze et al., 2013; Rzayev et al., 2018).
Furthermore, gaze-based AALT have been em-
ployed to detect disruptions and attentional shifts
during digital reading (D’Mello et al., 2016; Mills
et al., 2021) and assist readers in re-focusing (Jo
et al., 2015; Mariakakis et al., 2015; Srivastava
et al., 2021). An open challenge in the develop-
ment of these systems is the limited capacity to
adapt to individual differences, resulting in one-
size-fits-all designs (Hutt et al., 2021; Mariakakis
et al., 2015).
Interrupted Reading The increasing use of digi-
tal devices often leads to interruptions during read-

1The dataset is accessible from our datasets
web-page: https://www.ife.uni-stuttgart.de/en/
llis/research/datasets/.

ing, as they frequently divert our attention to other
tasks, prompting a shift from the current activity to
a new one (Chevet et al., 2022). Task interruption
is defined as a shift of cognitive resources from
the most active goal representations and the con-
sequent need for reactivating those representa-
tions upon task resumption (Altmann and Trafton,
2002). Resumption lag time measures users
task performance following an interruption (Trafton
et al., 2003). From gaze behavior, previous stud-
ies have identified task resumption during reading
with increased reading times, higher number and
duration of fixations, longer saccades and higher
regression frequency (Cane et al., 2012; Cauchard
et al., 2012; Chevet et al., 2022). Although individ-
ual differences have an impact on how we recover
from interruptions, the extent of this is still unclear
due to limited data (Werner et al., 2011; Meys and
Sanderson, 2013; Bai et al., 2014). This holds es-
pecially true for interrupted reading tasks, as there
are only a limited number of studies that point at
the influence of individual differences on the abil-
ity to resume reading effectively (Foroughi et al.,
2016; Altamura et al., 2022).

Current Eye Tracking Reading Corpora Cur-
rently, there are numerous public eye tracking
reading corpora, however they do not account for
features present in natural learning environmen-
tal. These datasets encompass a range of differ-
ent purposes to study eye movement behavior in
reading. Several English datasets involve adult
readers engaging in self-paced reading of multiple
short texts (e.g., Frank et al., 2013; Mishra et al.,
2016; Luke and Christianson, 2018; Hollenstein
et al., 2020; Sood et al., 2021). Similar eye track-
ing corpora are also available in other languages,
such asHindi (Husain et al., 2015), Persian (Safavi
et al., 2016), Chinese (Pan et al., 2022), or in a
multilingual setting (Siegelman et al., 2022; Kuper-
man et al., 2023). Additionally, corpora focusing
on specific user groups, such as expert vs. novice
readers of scientific texts, monolingual vs. bilin-
gual readers, and various age groups, have shown
gaze behavior variations (Kliegl et al., 2004; Cop
et al., 2017; Jäger et al., 2021; Siegelman et al.,
2022; Kuperman et al., 2023; Yi et al., 2020).
While previous educational research has explored
gaze behavior and recovery from interruptions dur-
ing the reading of naturalistic texts (Cane et al.,
2012; Jo et al., 2015; Chevet et al., 2022), it is
noteworthy that these datasets are not publicly ac-
cessible. The absence of publicly available eye
tracking datasets for educational research poses a
crucial gap, limiting research in the fields of gaze-
based AALT and NLP applications for education,
particularly those aimed at addressing individual
differences in reading. To bridge this gap, we in-
troduce the InteRead dataset, a novel eye tracking
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dataset containing interruptions.

3. InteRead Dataset
Our InteRead dataset is a novel publicly avail-
able eye tracking reading dataset with interrup-
tions, comprising gaze data collected from 50 par-
ticipants engaged in an interrupted reading task.
(Figure 1). With 5,247 tokens spanning across 28
pages of text, six of which include interruptions,
InteRead is designed to further study interrupted
reading. It also enables to explore individual dif-
ferences in reading and resuming from interrup-
tions. Such insights can be subsequently lever-
aged to foster advancements in adaptive gaze-
based AALT and NLP applications to support at-
tention and, ultimately, reading comprehension.
Moreover, with the incorporation of linguistic fea-
tures (see Section 4), InteRead constitutes an ad-
ditional resource to study the linguistic and cog-
nitive processes underlying reading of a fictional
text.

3.1. Participants
We collected data from 57 adult participants (36 fe-
male, M age = 27.51 years, SD = 5.55, range 20–
47), who were recruited through internal mailing
lists of the University of Stuttgart and social media.
Compensation included either a monetary bene-
fit of or a participation certificate for study cred-
its. Participants met specific criteria, including nor-
mal or corrected-to-normal eyesight, English pro-
ficiency (native speaker, C1, IELTS 6.5+ or equiv-
alent), and the absence of diagnosed attention or
reading disorders. The study procedure received
approval from the ethics committee of the Univer-
sity of Stuttgart (approval number Az. 22-018).
Seven participants were excluded from the final
dataset for three specific reasons: (1) having more
than 50% missing gaze data points on the pages
containing an interruption, (2) triggering fewer than
three interruptions out of six, and (3) presenting
excessively noisy data on the interruption pages.

3.2. Recording Setup
The data collection was conducted within a con-
trolled laboratory environment with consistent
lighting conditions. Participants were seated at
a desk equipped with an adjustable head and
chin rest, mouse, keyboard, monitor and eye
tracker, while the investigator seated at another
desk behind a room divider. We used a Tobii
Pro Spectrum screen-based eye tracker2 operat-
ing at a sampling frequency of 1200Hz. All stimuli
were presented on the native Tobii Pro Spectrum
screen (EIZO FlexScan EV2451) with dimensions
of 52.8×29.7cm and a resolution of 1920x1080px.

2Firmware version 2-6-1.

The screen was placed 57cm in front of the par-
ticipants, who positioned their eyes in the center
of the Tobii Pro Spectrum headbox. Both the eye
tracker and its monitor were connected to a desk-
top computer running the recording pipeline. For
the study, we used PsychoPy and PyGaze (Peirce
et al., 2019; Dalmaijer et al., 2014)3.

3.3. Materials
Our corpus contains a total of 5,247 tokens span-
ning across 28 pages. Among these, six specific
pages (pages 3, 7, 11, 15, 19, 24) were strate-
gically chosen to introduce interruptions intermit-
tently, approximately every three to four pages.
The interruption pages remained fixed across par-
ticipants.
Reading Material The reading material was a
selected excerpt from Arthur Conan Doyle’s “The
Adventure of the Speckled Band” (written in British
English and published in 1892). The excerpt con-
sisted of 28 pages with on average 154 words
each (SD = 22.3, range 94–190 words per page).
The text followed the original narrative’s struc-
ture, for instance, direct dialogues within quo-
tation marks were preserved. Figure 2 shows
the stimulus presentation setup. Each page con-
tained 12 lines of text, with the exception of the
last page containing seven lines. The text for-
mat was set in Courier, a black mono-spaced font
at 16px (0.44DVA) character height and 2.5-times
line spacing. The text was left set at 500px and
vertically centered on a white background.
Interruption Material Interruptions took the
form of a light gray dialog box at the center of
the screen, while the background remained white
and the reading stimulus disappeared. The boxes
prompted participants to type a response to one of
six distinct opinion questions within a 60-second
time frame. The questions pertained to everyday
events or topics and were selected from question
items employed in prior research (Pashler et al.,
2013).
In accordance with prior research (Cane et al.,
2012; Jo et al., 2015), the interruptions were trig-
gered by fixation of a target word: ’control’ (page
3), ’seemed’ (page 7), ’troubled’ (page 11), ’died’
(page 15), ’opposite’ (page 19), ’cross’ (page 24).
Aligning with established methodologies (Jo et al.,
2015; Wirzberger and Rey, 2018), target word
selection followed predefined criteria: (i) target
words were randomly selected always within the
middle line of each page, (ii) the first and last words
of the middle line were consistently excluded, (iii)
target words were never placed as the first or last

3The interface was implemented using PsychoPy
(version 2022.2.3). The eye tracking was managed us-
ing PyGaze (version 0.7.4).
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Figure 1: Phases of recording trials. Interruptions are triggered during the preinterruption phase by fixa-
tions reaching a target word. After answering the interruption questions within 60 seconds, the reading
task resumed. The resumption lag phase constitutes the time from interruption offset until normal read-
ing behavior reoccurs, indicating the beginning of the postinterruption phase.
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Figure 2: Page setup with bounding boxes and di-
mensions. Lines covered 1.54DVA. Bounding box
for trigger word in green. Annotations in red and
green were not presented to the participant.

words of a sentence, ensuring interruptions oc-
curred within sentence contexts, and (iv) both the
target words and their corresponding pages re-
mained constant across all participants. Addition-
ally, function words were systematically excluded
from the pool of potential target words due to their
lower fixation frequency during reading (Rayner
and McConkie, 1976; Krejtz et al., 2016).

3.4. Recording Procedure
Participants provided informed consent to share
anonymized data with the scientific community.
They were informed about potential reading inter-
ruptions and instructed to respond to questions
about everyday topics when prompted. They were
advised to read attentively, as they would be re-
quired to complete a brief comprehension test af-
terward. Prior to the reading task, we also col-
lected demographic data and assessed partici-
pants’ background knowledge on the content of
the text and spatial memory capacities, due to
their established interaction with the reading pro-
cess (Inhoff and Weger, 2005; Smith et al., 2021).

All scores related to the pre- and post-study mea-
sures are available in the dataset (see Appendix
A and B for detailed descriptions of the pre- and
post-test questionnaires).
The eye tracking recording started with a five-point
calibration. The participant then read the story –
advancing with space key – while the movements
of both eyes were captured. There was no op-
tion to navigate backward. The space key was
restricted on interruption pages, but if the interrup-
tion was not triggered on the middle line, it was au-
tomatically re-enabled. After reading, participants
answered four reading comprehension questions
and completed a survey about their interest in the
story and how they handled the interruptions.

4. Data Preprocessing
Preprocessing involved two main steps: identify-
ing resumption lag times through manual anno-
tation and extracting features from the raw gaze
data. We extracted both eye tracking and linguis-
tic features (see Table 1 for a general statistical
account).
Manual Annotation of Resumption Lag Fol-
lowing the postulates of Altmann and Trafton
(2002), we define the resumption lag as the time
span between the interruption offset and the first
stable reading pattern in the pre-interruption text.
Resumption lag times, obtained by averaging two
human annotators’ labels, resulted in six times
per participant, one for each interruption. We
calculated the Interclass Correlation Coefficient
(ICC) (Gamer et al., 2010) to assess annotation re-
liability4. The estimate resulted in a value of ICC =
0.916, above the 0.90 threshold indicating strong
reliability (Portney et al., 2009).
The annotators did not participate in data collec-
tion and implemented a tool to visualize gaze data

4To calculate the ICC, we used the irr package (ver-
sion 0.84.1) with an average rating of k = 2, absolute-
agreement and two-way mixed effects model.



Page(s) SENT TOK TOK
LEN TTR CON LOG

FREQ ABS RT FIX
CNT

NON
FIX

FIX
DUR

1ST
FIX

SAC
LEN

REG
FREQ

0-2 10 194 3.56 0.46 0.40 12.82 2.75 36.2 367 0.49 204 242 139.71 22.08
3 11 228 3.30 0.52 0.33 13.10 2.64 47.8 401 0.44 205 241 126.74 22.58

4-6 6 187 3.90 0.51 0.41 12.88 2.54 37.1 376 0.47 202 245 142.77 22.57
7 7 193 4.24 0.62 0.43 12.64 2.53 49.0 445 0.34 204 243 129.32 21.94

8-10 7 197 3.81 0.49 0.41 12.74 2.59 36.4 348 0.48 202 244 140.15 21.98
11 9 161 3.50 0.65 0.37 12.71 2.71 30.2 397 0.48 201 234 128.68 21.13

12-14 14 203 3.49 0.44 0.35 12.95 2.65 30.7 311 0.54 201 237 142.70 22.13
15 8 184 3.88 0.64 0.36 12.83 2.74 36.3 380 0.44 199 234 134.42 22.25

16-18 9 187 3.83 0.50 0.37 12.74 2.57 33.2 354 0.50 202 242 137.80 22.23
19 11 198 3.36 0.61 0.37 13.05 2.71 35.2 359 0.47 198 226 127.12 23.60

20-23 10 176 3.58 0.43 0.36 12.89 2.56 33.7 300 0.56 200 236 136.92 22.42
24 6 202 3.66 0.60 0.42 12.80 2.74 42.8 413 0.43 203 237 123.41 22.24

25-27 12 156 3.48 0.47 0.38 13.00 2.74 23.1 319 0.56 202 243 134.01 23.38

Table 1: General statistics of InteRead. Every row alternates between the averaged statistics for a
sequence of non-interruption pages and those for a single interruption page (3, 7, 11, 15, 19, 24). SENT:
number of sentences; TOK: number of unique tokens; TOK LEN: length of tokens (in chars); TTR: type-
token ratio; CON: content words proportion; LOG FREQ: frequency of a token in a natural logarithmic
scale; ABS: abstractness/concreteness rating of a token, 1 (purely abstract) to 5 (purely concrete); RT:
reading time (in s); FIX CNT: count of fixations for a token; NON FIX: non-fixations proportion; FIX DUR:
duration of all the fixations (in ms) for a token; 1ST FIX: fixation duration (in ms) only for the first pass
fixation the participant made on a token; SACC LEN: saccade length (in px); REG FREQ: regression
frequency. Values for SENT, TOK, FIX CNT, FIX DUR and 1ST FIX are rounded to the nearest integer.
Notably, the majority of FIX CNT and FIX DUR hold a value of zero, as highlighted by NON FIX (M =
0.51). Hence, we report the mean values for only the non-zero values for the fixation features: FIX CNT,
FIX DUR and 1ST FIX.

as x and y coordinates from interruption offset to
page end. They manually selected the start point
of the first reading pattern, and the tool converted it
to a timestamp, calculating resumption lag time by
subtracting the interruption offset timestamp. To
ensure the point was from the pre-interruption text,
they iterated the annotations.
Gaze Features We observed fluctuations in the
timestamps of the raw gaze data obtained through
PyGaze and thus resampled the raw data to com-
ply with a strict 1200Hz sampling rate. We lin-
early interpolated the gaze coordinates between
the closest real samples for all valid samples, ex-
cluding samples during blinks. We then aver-
aged the coordinates of left and right eyes in the
raw gaze data and extracted fixation and saccade
events using the REMoDNaV toolkit (Dar et al.,
2020)5.
We extracted the following gaze features: read-
ing times, the time (in s) taken by the participant to
read a page; fixation count, the number of fixations
made by a participant for a token; non-fixations, a
boolean value signifying if a token has fixations;
fixation duration, the mean duration of all the fix-
ations (in ms) for a token; first pass fixation, the
fixation duration (in ms) only for the first pass fix-

5We applied the default REMoDNaV parameters,
except for pursuit_velthresh = 50000, savgol_length =
0.018, dilate_nan = 0.08.

ation the participant made on a token; gaze dura-
tion, the sum of all first pass fixations on the token;
saccade length, the mean length of saccades (in
px); regression frequency, the mean freqeuncy of
regressive saccades. We considered regressions
are saccades that move backwards in the text. Re-
gression frequency is reported as a proportion of
all regressions.

Linguistic Features We parsed the reading ma-
terial to include linguistic features, such as part-of-
speech and dependency relations into our corpus.
To parse the text, we used Spacy (Honnibal et al.,
2020). We then manually aligned the parsed text
to the bounding boxes for each token. Addition-
ally, we also included the abstractness rating and
the frequency of the tokens. The abstractness (or
concreteness) ratings, taken from Brysbaert et al.
(2013), denote the degree to which the meaning of
a word is based on a human’s perception. The fre-
quency values are extracted from the SUBTLEXus
corpus (Brysbaert and New, 2009).
The following linguistic features were extracted:
the mean number of sentences in a page; the part-
of-speech tags and dependency relations for a to-
ken; the total number of tokens and token types,
i.e the number of unique tokens, found in a page;
the token length (in chars); the type-token ratio,
the proportion of types to tokens in a given page;
the content words, a boolean value indicating if a



token is a content word6; the token frequency in
a natural logarithmic scale; the abstractness/con-
creteness rating of a token, ranging from 1 (purely
abstract) to 5 (purely concrete).

5. Data Validation and Analysis
To substantiate the quality of InteRead, we per-
form various analyses on gaze behavior. As a first
step, we focus on interruption pages, delving into
how interruptions influence readers’ gaze behav-
ior. We subsequently explore how the extracted
linguistic features affect eye movements. Ulti-
mately, we delve into individual differences among
participants, examining variations in reading and
resumption times within our dataset, revealing dis-
tinct characteristics of readers.

Interruption Effect on Gaze Behavior To test
whether the interruptions have an effect on read-
ing behavior, we follow the approach of Cane et al.
(2012). Specifically, we identify the three temporal
phases, (1) the pre-interruption phase, (2) the re-
sumption lag time, (3) the post-interruption phase
(see Figure 1). Following Cane et al. (2012), we
investigate whether the temporal phases have a
significant effect on the gaze features that are rele-
vant for higher-level cognitive processes as well as
meaning integration – reading time, fixation count,
fixation duration, saccade length and regression
frequency. We employ a multi variable t-test anal-
ysis t-test analysis with a Bonferroni correction and
consider the resumption lag times to be part of
the postinterrution phase. We observe a signifi-
cant increase in reading times, fixation counts and
saccade lengths following an interruption (see Fig-
ure 3). Post hoc analyses reveal that on average
readers take significantly longer to read (37s vs.
22s prior to interruption), makemore fixations (145
vs. 89) and longer saccades (140px vs. 127px)
following an interruption. We find the temporal
phase to have no effect on fixation duration, which
do not significantly change after an interruption
(p=.67 and p-adjusted=1.0), and regression fre-
quency (p=.06 and p-adjusted=.28).

Word Length and Word Frequency Effect on
Gaze Behavior We investigate the influence of
logarithmic token frequency and token length on
reading gaze behavior. Our experiments focus on
first pass fixation and gaze duration as they are
associated with lexical aspects like token length
and frequency (Schilling et al., 1998; Kliegl et al.,
2004; Hollenstein et al., 2022). Prior work in Ger-
man (Kliegl et al., 2004) shows a significant ef-
fect of the logarithmic token frequency and token

6Content words are words that carry semantic value
or meaning and belong to open word classes, such as
nouns or verbs.

length on gaze duration, but not on first pass fixa-
tion. To discern if such effect is present in our cor-
pus, we use linear mixed effects models with either
first pass fixation or gaze duration as dependent
variable, and logarithmic token frequency and to-
ken length as fixed effects. We take the line, page
and participant as random effects (see Appendix C
for the full models). Following the approach of Hol-
lenstein et al. (2022), we remove all fixation values
under 100ms. We observe that the token length
has a non-significant effect on first pass fixations
(t = -0.71, p = 0.48), but a significant effect on gaze
duration (t = 45.39, p < .001). The logarithmic to-
ken frequency instead has a significant effect on
both first pass fixations (t = -5.61, p < .001) and
gaze duration (t = -2.93, p = .003).
We then test, using one-way ANOVA, the effect of
the linguistic features on fixation duration and ob-
serve that the part-of-speech tags (F = 3.32) and
dependency relations (F = 2.43) for a given token
exhibit a significant effect (p < .001). In order to
discern which part-of-speech categories and de-
pendency relations show significance, we perform
a mixed effects linear regression, with the same
random effects as before (line, page and partici-
pant). Among the part-of-speech categories, we
find adjectives (t = 3.27, p < 0.01) and verbs (t =
2.56, p = 0.01) to be significant. Regarding the
dependency relations instead, only appositional
modifiers have a significant effect (t = 2.0, p = 0.05)
on fixation duration. We then perform a Kendall’s
rank correlation test to assess the correlation be-
tween fixation duration and both word abstract-
ness rating and word length. Both the features
show a significant correlation to fixation duration,
with p < .001. To determine which features have
an effect on whether the participants would skip
words during reading, we perform a χ2 test with
Yates’ continuity correction. The part-of-speech
tags, the dependency relations and the semantic
value (content/non-content) of a given word show
significant effects on the probability of skipping
that word, with p < .001.

Individual Differences in Reading and Re-
sumption Time We initially investigate the dis-
tribution of fixation duration across pages and par-
ticipants, resulting in a mean fixation duration of
202.05ms (SD = 85.68, range = 40–2377.5) and
a mean saccade length of 135.783px (3.734cm)
(SD = 178.061px (4.897cm) and range 0.050–
1690.225px (0.001–46.481cm)). To account for in-
dividual differences in reading behavior, we then
conduct a two-sample t-test to identify those par-
ticipants whose reading time significantly varies
from the mean reading time of the remaining par-
ticipants. Among the 50 participants, 32 (18 faster
and 14 slower) display reading times significantly
different from the mean of the remaining 49 partic-



Figure 3: Boxplot showing the distribution of reading time, fixation count, fixation duration, saccade
length, regression frequency during pre- and post-interruption phases. The black dots represent the
outliers in each distribution. The stars (*) and ns represent if there is a significant difference between the
means of two distributions, with the significance denoted by the p-adjusted (p-adj) value. The complete
T-test statistics are given below each plot. The values in the boxes are the means of the respective
distributions.

ipants (Figure 4). These groups of 18, 18 and 14
participants are clustered into three categories of
reading speeds respectively: Fast, Moderate and
Slow. Post hoc analyses reveal that slow readers
and moderate readers, on average, make respec-
tively 15ms- and 12ms-longer fixations compared
to fast readers.
We then test if the created groups have any signifi-
cant effect on the gaze and linguistic features from
InteRead. For these analyses, we use a linear
mixed effects model, with page, participant and
line as random effects (see Appendix C for the full
models). For each of the regression experiments,
we determine if the interaction of reading speed
with the linguistic features has an significant effect
on fixation duration. We find the logarithmic to-
ken frequency to have a significant interaction with
both slow (t = -2.88 and p = 0.004) and moderate
readers (t = -2.41 and p = 0.02). Furthermore, we
observe that the interaction of the reading speed
category and the number of passes a participant
makes has a significant effect on fixation duration
(p < .001 for both slow and moderate readers).
Focusing on resumption lag times, we observe
that, on average, participants took 2.81s (SD =
1.54, range 0.95–8.29) to resume reading after
they were interrupted. Among them, five par-

ticipants have significantly higher resumption lag
times compared to the mean resumption lag time
(with all having p < .05).

5.1. Discussion
In our analyses on InteRead, we follow established
methodologies to validate and examine its char-
acteristics. The analysis of the effects of inter-
ruptions on gaze behavior during reading demon-
strates a substantial increase in reading times, fix-
ation count and saccade length following an in-
terruption. These findings are in agreement with
prior studies, indicating that readers utilize text to
restore previously read information upon resump-
tion, as indicated by (Cane et al., 2012). Further-
more, we do not observe a substantial variation
in fixation duration and regression frequency be-
tween pre- and post-interruption phases. These
results, in contrast to Cane et al. (2012), under-
score the variability in how interruptions may af-
fect reading behavior. This disparity could be
attributed to differences in experimental design,
interruption characteristics, or participant-specific
factors. Further research is required to delve into
the reasons for this discrepancy and enhance our
understanding of how interruptions influence gaze
behavior during reading.



Figure 4: Boxplot showing individual differences between participant (x-axis) and the mean reading time
for a page (y-axis). The reading times are sorted in ascending order and the dashed horizontal line
denotes the mean reading time for all participants. The participants are grouped into 3 categories based
on their reading speed: Fast, Moderate and Slow.

Furthermore, our examination of word length and
frequency’s effects on gaze features related to
early cognitive processes aligns with previous find-
ings (Kliegl et al., 2004) and demonstrate that the
influence of word length becomes apparent only
after the entire word has been read. Conversely,
the effect of word frequency, already significant
during the first pass fixation, diminishes once the
entire word is read, leading to variations in gaze
duration. Notably, gaze duration tends to increase
when readers encounter longer words, while they
tend to skip highly frequent words (Kliegl et al.,
2004). In addition, our analyses show that word
skipping probability is significantly influenced by
part-of-speech tags, dependency relations, and
the semantic value of a word. This highlights how
lexical processing of token’s function in a sentence
plays a substantial role in determining whether it is
likely to be skipped (Morris, 1994; Brysbaert and
Vitu, 1998).
Lastly, our analysis identify substantial variations
in reading speed across the corpus, highlighting
individual differences among fast, moderate, and
slow readers. Similar variations are also found
in Rayner et al. (2010). Individual differences are
also observed in resumption lag times, shedding
light on the importance of further investigating indi-
vidual differences in task resumption performance
and strategy (Werner et al., 2011).

6. Outlook
Our interdisciplinary analyses showcase that In-
teRead can be utilized across various research do-

mains, such as educational sciences, psycholin-
guistics and NLP. In educational sciences, it can
facilitate the investigation of the challenges learn-
ers face when their attention is disrupted dur-
ing reading tasks. Future studies could use In-
teRead to improve the development and evalua-
tion of adaptive AALT that dynamically respond to
individual differences in how learners cope with in-
terruptions during reading. For example, by further
analyzing differences in gaze behaviors upon re-
sumption, systems could be designed to provide
personalized interventions, such as content re-
minders or visual cues, depending on a student’s
specific needs and reading habits, as suggested
by Mariakakis et al. (2015); Hutt et al. (2021).
In reading research and psycholinguistics, re-
searchers can investigate how external interrup-
tions impact the reading processes and whether
resumption strategies employed by readers vary
depending on in individual differences. This could
lead to a deeper understanding of the interplay
between attention and reading comprehension.
As there is currently no consensus on whether
interruptions have a negative impact on reading
comprehension (Chevet et al., 2022), this dataset
could be used to further study interrupted read-
ing. Moreover, it allows for further analyzing dif-
ferences in linguistic phenomena in normal as op-
posed to disrupted reading.
Within NLP, InteRead could benefit the develop-
ment of NLP-based models capable of predict-
ing reading performance and attentional states in
real-time. For instance, NLP models might be en-



hanced to predict the optimal timing and design for
delivering interventions during reading, ensuring
they have the greatest impact onmaintaining read-
ers’ comprehension. In particular, these models
might benefit from an input that take into account
the disruptions encountered in real-world settings.
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8. Ethical and Broader Impact
Statement

Firstly, our corpus predominantly comprises par-
ticipants from specific demographic backgrounds,
gender and ethnicity, potentially limiting the repre-
sentativity of our data. Future gaze data collection
efforts should prioritize inclusivity, seeking to en-
compass individuals from underrepresented eth-
nicities and diverse backgrounds.
Moreover, the generalizability of our data should
be considered in the context of controlled reading
tasks conducted within a laboratory setting, which
did not allow for a continuous observation of the
participants. However, despite introducing a cer-
tain degree of drift in the data due to potential
head movements while typing, the controlled in-
terruptions enabled the researchers to reproduce
the intricacies and disruptions that student experi-
ence in a classroom environment. Reading behav-
ior can vary significantly based on external factors
such as text genre, language, and reading pur-
pose, which should be taken into account when
making use of InteRead.

A limitation of our analyses stems from the use of
particular statistical tests such as ANOVA and lin-
ear regression. Both of these tests assume that
the variables being evaluated are normally dis-
tributed, which was not the case with the fixa-
tion features. We nonetheless reported the signif-
icance scores using ANOVA and linear regression
so as to replicate prior studies that involved fixa-
tions.
Lastly, despite of the efforts to ensure annota-
tion consistency, manual annotations of resump-
tion lag times may present inherent subjectiv-
ity, potentially introducing slight variations in our
dataset. In summary, these limitations underscore
the necessity of addressing the inclusion of under-
represented ethnicities, refining recording setups,
and recognizing the context-specific nature of eye
tracking data for responsible interpretation and ap-
plication in diverse research contexts.
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Appendices
Appendix A. Pre-Test Questionnaire
The pre-test included a demographic question-
naire, a prior knowledge questionnaire, and the
shortened version of a symmetry span task (SS-
PAN).

Demographic Questionnaire For multiple-
choice questions, each option was labeled
with a number. All labels are reported within
parentheses here and were not presented to the
participants.

1. Please, type your participant ID code:

2. What is your age? Please type your answer:

3. What is your gender? (0) Female, (1) Male,
(2) Other, (3) Prefer not to answer

4. Are you a native English speaker? (0) No, (1)
Yes UK English, (2) Yes US English

5. Please indicate which is your dominant hand:
(0) Both, (1) Right, (2) Left

6. Do you require eye correction? If yes, which
one are you wearing now? (0) No, (1) Yes -
contact lenses, (2) Yes - glasses

7. What is your educational background or cur-
rent study subject/program?

8. Please indicate your level of formal education,
indicating the degrees which are in progress
(i.e., bachelors degree in progress, bachelors
degree, master in progress, master, PhD in
progress, etc.)

9. Would you consider yourself a speed reader
(i.e., someone who generally reads and un-
derstands text faster)? (0) No, (1) Yes

10. How often do you read for enjoyment? (0
)Never, (1) 1-2 times a week, (2) 2-3 times
a week, (3) 4-5 times a week, (4) Everyday

11. What medium do you choose to read from?
(0) Print book, (1) E-book, (2) Computer, (3)
Smartphone, (4) Other

Prior Knowledge Questionnaire We designed
this questionnaire to assess participants’ prior
knowledge on Sherlock Holmes stories as well as
familiarity with crime fiction on a broader level. To
prevent neutral responses, a 6-point Likert scale
was selected for all Likert scale questions ad-
ministered during data collection. The question-
naire can be grouped in three subsets of ques-
tions: detailed knowledge (1-4) with multiple-
choice questions concerning details of Sherlock
Holmes stories, all including the option ’I do not
know’ to refrain participants from guessing the cor-
rect answer; target-domain knowledge (5-8) cov-
ering yes/no agreement statements about prior ex-
posure to crime fiction, TV adaptation of Sher-
lock Holmes, the selected story used in the study,
or other Sherlock Holmes stories; general knowl-
edge (9-12) including 6-point Likert scale agree-
ment statements about participants’ interest in the
detective or crime genre. The scores assigned
are enclosed in parentheses and their cumulative
sum constitutes the prior knowledge total score.
We evaluated the internal consistency of our prior
knowledge questionnaire and obtained an overall
Cronbach’s Alpha of α = .83, with detailed knowl-
edge (α = .68), target-domain knowledge (α = .45),
and general knowledge (α = .90).

1. Who is the author of Sherlock Holmes? (0)
Virginia Wolf, (0) Edgard Allan Poe, (1) Arthur
C. Doyle, (0) Agatha Christie, (0) I do not
know

2. Which of the following statement is true about
Sherlock Holmes stories? (0) The stories usu-
ally begin at home where Holmes andWatson
live, (0) The crime is described in details by
the client, (0) Holmes and Watson investigate
the location of the crime and collect clues, (1)
All of the above are true, (0) I do not know

3. What is the name of Sherlock Holmes’ land-
lady? (0) Mrs Hudson, (0) Mrs Hudley, (0) Mrs
Whitfield, (0) Mrs Haden, (0) I do not know

4. Where do Sherlock Holmes and Watson live?
(0) High Street, (1) Baker Street, (0) Regency
Street, (0) Oxford Street, (0) I do not know
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5. I have recently read a detective/crime fiction
story (for example, works by Agatha Christie
/ Arthur C. Doyle / Stieg Larsson / Jo Nesbø
/ Camilla Läckberg, or other crime-fiction writ-
ers). (1) Yes, (0) No

6. I have recently seen a film or a TV adaptation
of Sherlock Holmes (for example, the BBC se-
ries Sherlock). (1) Yes, (0) No

7. I have already read the Sherlock Holmes story
”The Adventure of the Speckled Band’ before.
(1) Yes, (0) No

8. I have read other Sherlock Holmes stories be-
fore. (1) Yes, (0) No

9. I read detective/crime fiction (for example,
works by Agatha Christie / Arthur C. Doyle /
Stieg Larsson / Jo Nesbø / Camilla Läckberg,
or other crime-fiction) with great interest. (0)
Strongly disagree, (1) Disagree, (2) Slightly
disagree, (3) Slightly agree, (4) Agree, (5)
Strongly agree

10. I usually recommend reading detective/crime
fiction books. (0) Strongly disagree, (1) Dis-
agree, (2) Slightly disagree, (3) Slightly agree,
(4) Agree, (5) Strongly agree

11. When deciding for a new book to read, I of-
ten pick a detective/crime fiction story. (0)
Strongly disagree, (1) Disagree, (2) Slightly
disagree, (3) Slightly agree, (4) Agree, (5)
Strongly agree

12. I enjoy reading detective/crime fiction (for ex-
ample, works by Agatha Christie / Arthur C.
Doyle / Stieg Larsson / Jo Nesbø / Camilla
Läckberg, or other crime-fiction writers). (0)
Strongly disagree, (1) Disagree, (2) Slightly
disagree, (3) Slightly agree, (4) Agree, (5)
Strongly agree

Symmetry Span Task The SSPAN was first de-
veloped by (Shah et al., 1996) to target spatial
working memory capacity and spatial visualiza-
tion skills. We used the short version of the SS-
PAN (Foster et al., 2015). The main task requires
participants to remember the positions of colored
squares in a 4x4 grid in the correct sequence, af-
ter each square appears for 650 ms. The dis-
tractor task instead consists of providing symmetry
judgments on a series of grids containing colored
squares, determining whether they are vertically
symmetrical or not. The number of squares can
vary from two to five per trial according to Fos-
ter et al. (2015). We administered three blocks
of trials in random order, to prevent participants
from developing an understanding of how many

red squares they will need to recall. The partic-
ipants had three rounds of practice to familiarize
themselves with each task (Redick et al., 2012):
(i) main task, (ii) distractor task, (iii) both main
and distractor tasks combined. To assign scores,
we followed an established procedure for cogni-
tive span tasks and considered the partial recall
score, which - in the case of the SSPAN - consists
of the sum of red squares recalled in the correct
location, independent of whether all the squares
in each trial were correctly recalled in the right or-
der (Redick et al., 2012; Foster et al., 2015). The
partial recall score ranges from 0 to 42 points per
individual (Unsworth et al., 2009), and it has been
shown to provide more robust and internally con-
sistent scores (Redick et al., 2012). The dataset
includes: the partial recall score, the total number
of correct symmetry judgments, and the total ac-
curacy (i.e., the proportion of the correct symmetry
judgments).

Appendix B. Post-Test Questionnaire
The post-test included a short reading comprehen-
sion questionnaire and a set of 6-point Likert scale
statements targeting the participants’ reading ex-
perience and the strategy they used to re-focus on
reading after being interrupted.

Reading Comprehension Questionnaire The
questionnaire consisted of four multiple-choice in-
ferential questions to examine participants’ en-
gagement with the text. The scores assigned are
enclosed in parentheses and their cumulative sum
constitutes the reading comprehension total score.

1. Why did Miss Helen Stoner decide to ask
Sherlock Holmes’ advice? (1) Because she
suddenly heard that same low whistle her sis-
ter heard before dying, (0) Because she was
cruelly treated by her stepfather, (0) Because
she had to move into the room where her sis-
ter died, (0) Because her friend suggested
that she should ask him for advice

2. What do you think the ‘speckled band’ is? (0)
It is just a made-up phrase Julia Stoner said
out of shock, (0) It is a phrase Julia Stoner
said to refer to the gipsies in the plantation,
(0) It is a phrase Julia Stoner said to refer to
the cheetah’s fur, (1) It is a phrase Julia Stoner
said to refer to a venomous snake

3. What is the purpose of Dr. Roylott’s visit?
(0) He wants to intimidate Sherlock Holmes
and Dr. Watson, (0) He wants to threaten Dr.
Watson not to interfere with his business, (1)
He wants to threaten Sherlock Holmes not to
stick his nose into his affairs, (0) He wants to
beat Sherlock Holmes and Dr. Watson



4. Who do you think the murderer is? (0) One
of the gipsies from the plantation, (0) Julia
Stoner’s fiancé, (1) Dr. Roylott, (0) Miss He-
len Stoner’s fiancé

Reading Experience Questionnaire This
questionnaire assessed participants’ interest in
the story and their reading experience (1-6).
Among these, four questions (2-5) were selected
from the story world absorption scale (Kuijpers
et al., 2014) and adapted to a 6-point Likert scale.
Finally, building on previous findings (Wirzberger
and Russwinkel, 2015), participants were asked
two questions (7-8) concerning the strategy
they used to refocus on the story after each
interruption.

1. I was annoyed by the interruptions. (0)
Strongly disagree, (1) Disagree, (2) Slightly
disagree, (3) Slightly agree, (4) Agree, (5)
Strongly agree

2. When I was reading the story I was focused on
what happened in the story. (0) Strongly dis-
agree, (1) Disagree, (2) Slightly disagree, (3)
Slightly agree, (4) Agree, (5) Strongly agree

3. When I was reading the story I had an image
of the main characters in mind. (0) Strongly
disagree, (1) Disagree, (2) Slightly disagree,
(3) Slightly agree, (4) Agree, (5) Strongly
agree

4. Something in the story stuck with me after
I finished reading it. (0) Strongly disagree,
(1) Disagree, (2) Slightly disagree, (3) Slightly
agree, (4) Agree, (5) Strongly agree

5. I read the story with great interest. (0)
Strongly disagree, (1) Disagree, (2) Slightly
disagree, (3) Slightly agree, (4) Agree, (5)
Strongly agree

6. I felt completely occupied by the story despite
of the interruptions. (0) Strongly disagree,
(1) Disagree, (2) Slightly disagree, (3) Slightly
agree, (4) Agree, (5) Strongly agree

7. After each interruption, what did you do to re-
focus on the story? (0) I searched for the ex-
act point in the text I was reading before the
interruption (searching), (1) I tried to remem-
ber what content I was reading before the in-
terruption (remembering), (2) Both

8. Did you re-focus on the story in other ways?
Please type your answer

Appendix C. Complete Statistical Models
We report here the complete statistical models
used in the following sections of our paper. For all

linear mixed effects regression analyses, we em-
ploy the lme4 package (version 1.1-35.1) (Bates
et al., 2015). To extract the p-values, which are not
included in the lme4 output, we use the lmerTest
package (version 3.1-3) (Kuznetsova et al., 2017).
Word Length and Word Frequency Effect on
Gaze Behavior The full models used here are:

lmer(first_pass~word_len+log_freq+(1|page_id)
+ (1|line_num) + (1|participant_id),data=df)

lmer(gaze_dur~word_len+log_freq+(1|page_id)
+ (1|line_num) + (1|participant_id),data=df)

Individual Differences in Reading and Re-
sumption Time The full models used here are:

lmer(fix_dur~reading_cat*log_freq+(1|page_id)
+ (1|line_num) + (1|participant_id),data=df)

lmer(fix_dur~pas_num+log_freq+(1|page_id)
+ (1|line_num) + (1|participant_id),data=df)
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