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Abstract

Sensor-based methods such as eye tracking are promising for user
modeling in adaptive educational systems, as they enable con-
tinuous, fine-grained assessment of learners’ learning processes.
However, implementing gaze-based user models requires selecting
from a large set of available gaze measures, posing a challenge for
adaptive-system designers. To inform this design process, we con-
duct an exploratory analysis of the associations between gaze mea-
sures, learner engagement, and learning outcomes in a video-based
learning context. An analysis of data collected from 18 learners
indicates that fixation dispersion and fixation rate on active areas
of interest are indicators of engagement, while pupil diameter is
an indicator of learning outcomes. To support further research on
gaze-based user modeling and adaptation, we introduce EnGaze-
ment, a dataset comprising over 1.3 million processed eye-tracking
data points, enriched with subjective and objective measures of
engagement and learning.
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1 Introduction

Video-based learning (VBL) has become a popular method for self-
directed learning due to the accessibility and availability of learning
videos on video-sharing platforms like YouTube! and massive open

Ihttps://www.youtube.com/education, accessed January 26, 2026
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online courses (MOOCs) such as Coursera?. VBL allows learners to
individualize their learning experience by offering a wide range of
content, from lifelong learning to university education and profes-
sional skill development. Additionally, it enables learners to define
their learning environment, time, and pace individually [67]. In the
absence of a teacher’s presence, responsibility for planning, moni-
toring, and evaluating understanding shifts to learners, who often
fail to regulate their learning effectively [6, 27]. To address this
challenge, prior research has designed and evaluated systems that
scaffold self-regulatory processes during learning activities [27].
For such systems to be effective, they require timely information
about learners’ ongoing processes in order to adapt their support
accordingly [18, 40]. While subjective self-reports or post hoc as-
sessments such as quizzes can support evaluation and reflection
after video viewing, they fail to capture dynamic factors that di-
rectly influence learning performance, including fluctuations in
attention or effort [40]. In contrast, log data, video recordings, and
physiological measures enable continuous, fine-grained, and more
direct assessment of learners’ momentary states during learning.

One higher-level learner state that has received attention is en-
gagement, as it is closely associated with learning performance [23].
Engagement, defined as learners’ investment or involvement in
learning [34], is commonly conceptualized as a multidimensional
construct comprising cognitive, behavioral, and emotional engage-
ment [23]. In adaptive learning systems, engagement is a partic-
ularly relevant target state, as fluctuations in engagement signal
when learners may benefit from interventions. Accordingly, prior
work on engagement assessment has explored sensor-based ap-
proaches in both classroom settings [1, 20, 25, 50, 62] and VBL
environments [31, 89]. These approaches commonly rely on facial
expression analysis from video recordings [31, 43, 70] or physio-
logical signals captured by wearable sensors, such as electrodermal
activity (EDA) [20].

Another promising sensor-based method for assessing learner
engagement is eye tracking, which provides continuous access to
learners’ visual attention and cognitive processing during learning.
While it does not provide a direct measure of engagement, gaze can
be interpreted as an indirect indicator and is therefore well-suited
for use in adaptive learning systems. In educational research, eye
tracking has been used to study processes of selecting, organiz-
ing, and integrating information in multimedia learning environ-
ments [68]. This builds on the eye-mind assumption [41, 42], which
posits that eye movements reflect learners’ cognitive processing of

Zhttps://www.coursera.org/, January 26, 2026
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visual information [74]. From an adaptive-system perspective, this
assumption suggests that eye movement data may serve as a basis
for inferring learners’ momentary engagement with learning con-
tent, as gaze behavior is hypothesized to reflect both the quantity
and quality of cognitive investment in comprehension [21, 55, 69].

Existing research linking eye movements to engagement has
predominantly focused on detecting mind wandering [36, 38, 89], a
specific form of disengagement [72]. These studies typically target
isolated processes or single gaze indicators, such as blink rate [14]
or pupil dilation as a proxy for cognitive load [88]. For adaptive
systems, however, design decisions must be made about which gaze
measures to select from the wide range of available ones [12, 35].

This paper addresses this challenge by presenting two contribu-
tions [87]. First, an empirical contribution: A dataset analysis
examining associations between gaze measures, learner engage-
ment, and learning outcomes during applied VBL, informing gaze
measure selection for adaptive learning systems. Second, a dataset
contribution: EnGazement, comprising six measures based on Ar-
eas of Interest (AOI) and seven AOI-independent measures, based on
over 1.3 million eye-tracking data points from 18 students watching
two 10-minute learning videos. As ground truth, the dataset con-
tains subjective ratings of engagement, answers to multiple-choice
questions on retention and understanding, ratings of perceived
understanding and difficulty, and ratings of mental demand.

By investigating the associations between gaze measures, engage-
ment, and learning outcomes using Bayesian analysis, we found
that fixation dispersion and fixation rate on active AQIs are as-
sociated with learners’ engagement, and that pupil diameter is
associated with their learning outcomes when watching learning
videos. We discuss the implications of these findings and provide
suggestions for future adaptive learning systems that may benefit
from gaze-based learning analytics.

2 Related Work

Our work builds on prior research and datasets on assessing engage-
ment during video-based learning using self-report, observational,
video-based, physiological, and gaze-based approaches. It addresses
the gap in studying how gaze measures relate to learner engagement
in a VBL task, as well as the lack of openly available eye-tracking
datasets in this area.

2.1 Engagement Assessment

To capture fluctuations in learners’ engagement, common ap-
proaches are experience sampling [21], stimulated recall [63], click-
stream data [21], or observation [61].

Experience sampling methods (ESM) use so-called thought
probes that prompt learners within the learning task to rate their
current engagement. While this method allows for high tempo-
ral resolution in the measurement, upcoming probes interrupt the
ongoing task and may influence learners’ engagement [63]. As a
remedy, stimulated recall can retrospectively assess learners’ en-
gagement during a learning task using mnemonic cues such as im-
ages, videos, and audio recordings of moments during the task [63].
Pereira et al. [63] found that learners’ engagement did not differ be-
tween ESM probes and ratings obtained through stimulated recall.
However, these methods rely, on the one hand, on learners’ ability
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to self-assess their engagement, and, on the other hand, on the ques-
tionnaires used. An alternative to self-assessment methods offers
observations. Using protocols like the Baker Rodrigo Ocumpaugh
Monitoring Protocol (BROMP), various coders observe learners dur-
ing a learning task and code their behavior (e.g., on-task, off-task)
and affect (e.g., bored, concentrated, frustrated) [61].

The aforementioned methods are used to collect ground-truth
data for training classifiers to automatically detect student engage-
ment using physiological signals (e.g., electrodermal activity, heart
rate, skin temperature, and accelerometry [20, 25], and electroen-
cephalography [4]), video-based features such as facial and upper-
body movements (e.g., head pose, facial expressions, and gaze vector
and angle [8, 31, 43, 56, 86], or eye-tracking data [36, 38, 89].

2.2 Engagement Dimension and Granularity

Previous work differs in the dimensions and granularity of engage-
ment assessed. Student engagement is often assessed overall [86],
either with binary classes (engaged or not engaged) [20] or with
multiple ordered classes ranging from very low to very high en-
gagement [31], typically using a 3- to 5-point rating scale. The
individual dimensions of cognitive, behavioral, and emotional en-
gagement in applied learning tasks were considered in only a few
data collections, primarily with video-based approaches. In contrast,
gaze-based approaches focus on mind wandering [36, 38, 89], which
can be considered a form of disengagement [84] where learners’
attention and thoughts shift away from the learning task [72]. Here,
the granularity is limited to a binary classification of mind wander-
ing or not. Compared to video-based approaches, eye-tracking data
are typically collected in controlled settings with controlled tasks,
which may limit their comparability to applied learning contexts,
likely due to the elaborate setups required to obtain high-precision
eye movement data. Furthermore, prior gaze-based data collections
did not consider the dimension-wise assessment of student engage-
ment. However, it has been shown that eye movements, blink rate,
and pupil size can provide information about learners’ cognitive
processing [41], interest [49], and focus of visual attention [35].

2.3 Engagement Datasets

The potential of eye-tracking data for gaze-based learning analytics
and adaptive systems is evident not only from prior research and
its wide use in cognitive load assessment within HCI [14, 88], but
also from their value in educational research as a tool for investi-
gating learning processes by linking gaze measures to cognitive
processes [2, 68, 77]. These highlight the potential of eye-tracking
data to assess learners’ cognitive, behavioral, and emotional en-
gagement, as well as learning-related outcomes. However, available
datasets use video-based approaches to measure engagement (e.g.,
[86]). Previous gaze-based approaches have primarily focused on
detecting disengagement with dichotomous classes, particularly
for identifying mind-wandering, and here, datasets are not openly
available [37, 38]. We address this limitation with the EnGazement
dataset.

3 Data Collection

We conducted a data collection with university students who were
instructed to watch and understand learning videos and complete
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Which types of radiation are mainly
used in modern medicine?

Figure 1: @ Answering multiple choice question. @ Rating engagement. € Rating self-perceived understanding,.

a multiple-choice test afterwards, to investigate the exploratory
research question: How are gaze measures associated with learners’
engagement and learning outcomes during video-based learning?

3.1 Design & Measures

The data collection followed a within-participant design with the
learning video’s topic as a two-level independent variable. They
watched a chemistry video about acid-base balance (9:50 mins)>
and a physics video on ionizing radiation (10:22 mins)* in a counter-
balanced order. Both videos present information on slides with Ger-
man narration, without subtitles, a common production style for
learning videos [30]. The videos are publicly available on YouTube,
produced by professional educators, and are similar in design (i.e.,
colors, typography, transitions between scenes, and visual aes-
thetic).

While learners watched these videos, we recorded eye-tracking
data, and after each video, we collected ground truth data by asking
them to answer multiple-choice questions assessing their learn-
ing outcomes and to rate their engagement. These variables were
treated as dependent variables. To control for individual differences,
we additionally assessed learners’ motivation, prior knowledge, per-
ceived understanding and difficulty, and mental demand towards the
learning video.

We used the stimulated recall method to retrospectively assess
learning outcomes, engagement, perceived understanding, and diffi-
culty without interrupting learners’ flow or affecting their ongoing
attentional state [63]. As a mnemonic cue, learners were shown a
single video frame representative of the visual information within
an approximately 1-minute window of the learning video (window
duration M = 58s, SD = 32s, min = 17s, max = 118s).

3.1.1 Eye-Tracking Data. We collected learners’ eye movements
using the Tobii Pro Spark®, a research-grade eye tracker commonly
used in experimental settings that captures gaze and pupil data us-
ing video-based pupil and corneal reflection eye-tracking technique
at 60 Hz.

3.1.2  Learning Outcomes. To measure participants’ learning out-
comes regarding factual knowledge, specifically the cognitive pro-
cess dimensions of remembering and understanding [48], we used
multiple-choice questions (MCQs) to assess learners’ retention and
comprehension of learning video parts.

3Chemistry video, accessed January 26, 2026

4Physics video, accessed January 26, 2026

5Tobii Pro Spark: Reported precision of 0.26° root-mean-square (RMS) (using built-in
filtering) and an accuracy of 0.45° in optimal conditions, accessed January 26, 2026
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3.1.3 Engagement. Consistent with prior work treating engage-
ment as multidimensional construct [19, 25, 75], we operationalized
behavioral, emotional, and cognitive engagement using represen-
tative single items adapted from the questionnaire by Reeve and
Tseng [65], the University Student Engagement Inventory [52], the
Engagement versus Disaffection questionnaire [71], and the School
Engagement questionnaire [22]. Items were answered on a 5-point
Likert scale (1 = strongly disagree to 5 = strongly agree).

3.1.4  Perceived Understanding and Difficulty. Since the sensitivity
of objective measures of learning outcomes, like MCQs, is highly
dependent on the quality and design of questions and their answer
items, we included learners’ perceived understanding, which mea-
sures what learners think they have understood of the information
presented in the learning videos [64]. We used the items from Pile-
gard and Mayer [64] that assess learners’ perceived understanding,
confidence, and level of difficulty on a 5-point Likert scale (1 = very
poor to 5 = very good). Similar to the engagement questionnaire,
those items were assessed using the stimulated recall approach
after participants watched the learning video.

3.1.5 Mental Demand. Since the overall difficulty of the videos
may affect learners’ engagement, we assessed their mental demand
after they watched the learning video. We used a translation of
the NASA task load index (NASA-TLX) mental demand item (1
= low to 20 = high)® [32]. The NASA-TLX is a widely used and
valid method in HCI [46] and educational research for measuring
subjective intrinsic cognitive load [5].

3.1.6  Prior Knowledge. Based on the cognitive-affective theory of
learning with media (CATLM), differences in learners’ prior knowl-
edge affect how much is learned [58], which is why we include it
as a control variable. We created a questionnaire based on Mayer
[53]. We asked participants to self-rate their prior knowledge with
a single item on a 5-point Likert scale (e.g., “How much do you
already know about the acid-base balance?” from 1 = very little to 5
= very much) and checking items that apply to them (e.g., for the
chemistry video ‘T attended a course in chemistry or biochemistry at
a university.” and “I can explain a chemical reaction equation.”). Prior
knowledge was determined by summing the value of the single
item (min = 1, max = 5) and the number of checked items (min = 0,
max = 7). That resulted in a minimum of 1 and a maximum of 12.

3.1.7 Motivation. The CATLM assumes that learners’ motivation
mediates learning by affecting cognitive engagement [58]; thus,

SNASA-TLX translation, accessed January 26, 2026
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we controlled for this variable by assessing learners’ current moti-
vation using the German version of the questionnaire on current
motivation (QCM). It consists of items measuring the factors inter-
est, probability of success, challenge, and anxiety on a 7-point scale
(1 = disagree to 7 = agree). [66, 82]. As recommended by Vollmeyer
and Rheinberg [82], we adapted the interest items 1 and 4 to our
task.

3.2 Participants

We recruited 23 learners via university mailing lists and notices;
5 were excluded because their data exceeded the 0.9th percentile
in both videos. The final dataset comprised 18 learners (9 female,
8 male, 1 non-binary), with 16 aged 20-29 and 2 aged 30-39. All
participants were fluent in German and proficient in English, which
were the inclusion criteria for recruitment. Regarding education,
11 participants held a high school degree (undergraduates), 4 a
bachelor’s degree (graduates), and 3 a master’s degree (postgradu-
ates). Ten participants were studying or had studied Information
and Communication Technologies, six Health and Welfare, and
two Natural Sciences, Mathematics, and Statistics [76]. Ten partici-
pants wore no visual aids, seven wore glasses, and one wore contact
lenses. Participants reported using learning videos from sometimes
to very often (1 = Never, 5 = Always; M = 3.28, SD = 1.23).

3.3 Apparatus and Environment

Data collection took place in a 3.45 x 4.65 m room with lowered
blinds and fluorescent lighting (M = 808.92 lux, SD = 44.81, mea-
sured with a Uni-T Mini Light Meter UT383). Two laptops were
placed on a central table: one for pre- and post-questionnaires ad-
ministered via LimeSurvey, and one’ equipped with a screen-based
eye tracker and webcam for the data collection running PsychoPy
and OBS.

3.4 Procedure

Upon arrival, participants provided informed consent®, received
task instructions, and reported motivation and prior knowledge.
They then moved to a second laptop running the data collection
software to watch one of the two learning videos. We set the initial
chair position using a folding rule to ensure a 60 cm eye-screen
distance; head movement was unconstrained, and participants were
instructed to behave naturally. Each step was briefly explained on-
screen and started with a key press.

The procedure began with a 9-point eye tracker calibration and
validation, repeated if necessary, followed by a 30 s central fixa-
tion to collect baseline data. Participants then watched the video
without pausing, rewinding, or taking notes. After each video, they
rated mental demand, completed multiple-choice questions, then
rated their engagement, followed by perceived understanding and
difficulty (see Figure 1). The procedure was then repeated for the
second video, with order counterbalanced and prior knowledge
assessed beforehand.

Finally, participants completed questionnaires on VBL experi-
ence, video similarity, platform use, and demographics, and could

"MSI GP66 Leopard 11UG with a 15.6-inch FullHD display (141 ppi)
8Ethics: The study followed local regulations and ACM ethical guidelines; formal ethics
approval was not required under the university’s policies.
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provide feedback. The session lasted approximately 60 minutes,
and participants received a 10€ allowance.

3.5 Data Preprocessing

We preprocessed collected data with Python (v3.11.4) and Jupyter
Notebook, primarily using Pandas (v2.2.2). The code and the re-
sulting dataset are openly accessible on OSF °. Table 1 provides
an overview of the eye-tracking data included in the dataset, cat-
egorized in temporal, spatial, and spatio-temporal measures. The
final dataset consists of preprocessed eye-tracking data, identified
eye movement events, and calculated gaze measures from over 1.3
million processed eye-tracking data points. These are mapped on
windows in the video, together with subjective learner-rated en-
gagement, their perceived understanding and difficulty, and their
learning outcomes.

3.5.1 Ground Truth. Ratings on engagement, perceived under-
standing and difficulty, mental demand, and answers to the multiple-
choice questions were extracted from a comma-separated file that
results from each PsychoPy session.

3.5.2  Eye-Tracking Data. For each learner, gaze x- and y-positions
and pupil diameter measured by the eye tracker, along with a time-
stamp, were extracted from a hierarchical data file, along with
events (i.e., fixation task and watching video). The extracted data
showed an accuracy with a mean error of 0.63° (SD = 0.26°,
min = 0.24°, max = 1.27°) and a data loss across both videos
of 0.12% (SD = 0.06%, min = 0.03%, max = 0.34%). Extracted gaze
positions were transformed to pixel values, and REMoDNaV (v1.1.2),
a velocity-based eye movement event classification algorithm, was
applied to get saccades and fixations [17]. Additionally, we classi-
fied blinks by identifying signal-loss windows in the data with a
minimum duration of 0.02 seconds.

After identifying eye movement events, the data were segmented
according to the duration of each window in the video to calculate
AOQI-based and AOI-independent measures. We calculated measures
that has been shown to be associated with cognitive processing
during reading [41, 42], cognitive load in HCI [14, 26, 88], sus-
tained attention [13], cognitive processes of selecting, organizing,
and integrating of information in learning material [16], and mind
wandering [37].

In general, duration measures are calculated from the start and
end of an eye movement event, and are given in seconds. Rates are
calculated by dividing the number of eye movement events by the
exact duration of the associated window in the videos in seconds,
resulting in occurrences per second, and distances are given in
pixels or degrees of visual angle (°).

Areas of Interest. Required Areas of Interest (AOIs) to calculate
AOI-based measures were identified using the Computer Vision
Annotation Tool (CVAT v2.21.1). Text and images appearing in
the learning video were annotated with rectangular shapes and
categorized as image or text and as active if they were currently
being displayed or discussed by the speaker. The active AOIs were
used to calculate AOI-based gaze measures.

Dataset and Code available on OSF
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Fixations. We calculated AOI-independent measures average fix-
ation rate, fixation duration and fixation dispersion (i.e., the distance
of individual fixation points from a mean fixation position), as well
as the AOI-based measures time to first fixation (TTFF), first fixation
duration (FF Duration), first pass time (FPT), average fixation dura-
tion, and fixation rate for active AOIs on each slide. Fixations outside
the screen were excluded for AOI-independent measures, and those
outside defined AOIs were excluded for AOI-based measures. Fix-
ations with durations 1.5 times the interquartile range above the
75th percentile and below the 25th percentile were considered out-
liers and therefore removed in the case of the AOI-independent
measures.

Saccades. Before calculating the AOI-independent measures sac-
cade duration, saccade amplitude, and saccade velocity over win-
dows per learner, we removed saccades that start or end outside
the screen and saccades with a duration or amplitude 1.5 times the
interquartile range above the 0.75 percentile and below the 0.25
percentile.

Pupil Diameter. Since pupil diameter values vary between indi-
vidual learners and recordings, we normalized these values within
participant and learning video using robust scaling based on the
median and interquartile range.

Blink Rate. We calculated blink rate by counting blinks per win-
dow and dividing this number by the window duration.

4 Dataset Analysis

We first report the results of the analysis on the video-based CVs
mental demand and perceived difficulty. Then, we investigate the
link between engagement, learning outcomes, and gaze measures
using a Bayesian analysis. The data of the N = 18 learners were
analyzed using Jasp 0.19.3. and R (v4.4.1).

4.1 Differences between Videos

Differences between the means of mental demand, perceived diffi-
culty, engagement, and learning outcomes were analyzed with a
Wilcoxon signed-rank test (for variables measured on an ordinal
rating scale) or a paired Student t-test. Assumptions on normality
were tested with the Shapiro-Wilk test and visually with a Q-Q plot
of the residuals.

The results are reported in detail below. In summary, they re-
vealed no significant differences between the two video conditions
in terms of learners’ mental demand, perceived difficulty, engage-
ment, and learning outcomes. Given the absence of a significant
main effect of video condition and no difference in the tested vari-
ables between the two videos, we refrain from further investigating
differences between the video conditions and take the whole dataset
for subsequent analyses.

Mental Demand. A Wilcoxon signed-rank test was conducted
to compare mental demand between the two videos. The results
show no significant difference (W = 62.0, z = 0.11, p = p =
.93), indicating that learners perceived the chemistry (Mdn = 13,
IQR = 5.50) and physics (Mdn = 14, IQR = 7.75) video as similarly
mentally demanding.
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Temporal Spatial Spatio-

temporal

Processed Eye Tracking Data

Gaze time (s) x- and y-
position (px)
Pupil time (s) diameter (mm)

Eye Movement Events
Fixation start, end, dura-
tion (s)

mean and SD
of position (px),
amplitude (°)

mean and peak
velocity (°s™1)

Saccade start, end, dura- startandend po- mean and peak
tion (s) sition (px), am- velocity (°s~1)
plitude (°)
Blink start, end, dura-

tion (s)

AOI-independent Gaze Measures
Fixation rate (s~1)
duration (s)

Saccade duration (s) amplitude (°) velocity (°s™1)
Blink rate (s1)
Pupil diameter (mm)

AOI-based Gaze Measures
Fixation rate (s™1)
duration (s)
FF duration (s)
FPT (s)
TTEF (s)

Table 1: Eye-tracking data comprised in the dataset catego-
rized in temporal, spatial, and spatio-temporal measures:
Processed gaze signals, eye movement events identified us-
ing REMoDNaV [17], AOI-independent and AOI-based gaze
measures (FF: first fixation, FPT: first-pass time, TTFF: time
to first fixation). Rates are reported in s~! (occurences per
second) and velocities in °s~! (degrees of visual angle per
second).

Perceived Difficulty. A Wilcoxon signed-rank test was conducted
to assess differences in perceived difficulty between the two videos.
Learners perceived the chemistry video slightly more difficult
(Mdn = 2.84, IQR = 1.41) than the physics video (Mdn = 2.55,
IQR = 0.93), but the difference was not significant (W = 111.50,
z=113,p=p=.27).

Engagement. Wilcoxon signed-rank tests were conducted to com-
pare cognitive, behavioral, and emotional engagement between the
chemistry and physics videos. No significant differences were found
for any engagement dimension. Cognitive engagement was slightly
higher for the physics video (Mdn = 4.18, IQR = 0.74) than the
chemistry video (Mdn = 4.00, IQR = 0.82), but the difference was
not significant (W = 48.00, z = —1.63, p = p = .11). Behavioral
engagement did not differ between the chemistry (Mdn = 3.84,
IQR = 0.33) and physics video (Mdn = 4.09, IQR = 0.61) (W =
76.00, z = —0.41, p = p = .70). Similarly, emotional engagement
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was comparable between the chemistry (Mdn = 3.72, IQR = 0.47)
and physics video (Mdn = 3.91, IQR = 0.98) (W = 76.00, z = —0.41,
p=p=.69).

Learning Outcomes. A paired-samples t-test was conducted to
compare the average learning outcome (i.e., the average of reten-
tion and understanding question results, with uncertain responses
coded as 0) between the two videos. The results show no significant
difference (t(17) = -1.28, p = .22) between the chemistry (M = 0.62,
SD = 0.30) and physics video (M = 0.67, SD = 0.20), indicating that
learners achieved similar learning outcomes for both videos.

4.2 Link between Engagement, Learning
Outcomes, and Gaze Measures

We analyzed the link between engagement, learning outcomes, and
AOI-dependent and independent gaze measures using Bayesian
generalized mixed models fitted using brms[9], a wrapper for defin-
ing Bayesian multilevel models in the STAN programming language
in R[11]. To fit models and report the Bayesian analysis, we drew
on previous publications in HCI [45, 81, 83] and published Bayesian
analyses of eye-tracking data [28, 29, 54].

For each outcome variable, engagement and learning outcome,
we fitted two models: with and without video as a fixed effect.
All models included gaze measures as fixed effects and learner
ID as a random intercept to account for repeated measures and
individual differences. Each model was computed with 4 Hamilton-
Monte Carlo chains, each with 40000 iterations and 20% warm-up
samples, and checked via diagnostic tests (divergent transitions and
autocorrelation in trace plots, R-hat < 1.01, Effective Sample Size >
400, and posterior predictive checks) [80]. After model fitting, we
compared the models using leave-one-out cross-validation (LOO) to
select the best-fitting model for subsequent posterior analysis and
to evaluate how adding or removing effects influences predictive
performance [79]. Model comparison is based on differences in the
Expected Log Predictive Density (ELPD), with higher ELPD values
indicating better predictive performance.

For the best-fitting model, we calculated the 95% High-Density
Interval (HDI) for all predictors, considering an effect on the out-
come variable to be supported if the interval did not include zero.
We report the probability of direction (pd), which quantifies the
certainty that an effect differs from zero in a specific direction (i.e.,
posterior distribution proportion either strictly positive or nega-
tive) [51]. We utilized J; as an effect size estimate, comparable to
Cohen’s d [33, 54].

4.2.1 Link between Engagement and Gaze Measures. Because the
behavioral, emotional, and cognitive engagement items showed
strong convergence (Cronbach’s a = 0.89, 95% CI [0.86, 0.92]; av-
erage inter-item correlation = 0.73), we aggregated the three facet
ratings into a single ordinal engagement index using the median
for analysis. We fit a cumulative model with a logit link and weakly
informative priors (normal(0, 0.5)), with engagement as the ordered
outcome (1 = low, 5 = high) [9].

Analyzing the posterior distributions of the model without the
learning video as fixed effect (ELPD = -428.37) indicates that lower
Fixation Dispersion (5 = —0.34,95% HDI [-0.61,-0.08], pd = 99.50%"*,
¢ = —0.19, 95% HDI [-0.38, -0.03]) and a reduced Fixation Rate
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within the active AOI (b = —0.51, 95% HDI [-0.93, -0.08], pd =
99.04%", 8; = —0.27, 95% HDI [-0.58, -0.03]) were associated with
higher levels of engagement. The remaining gaze measures showed
no clear evidence of association with overall engagement, as their
posterior distributions included zero and their credible intervals
were wide (see Figure 2).

A subsequent model comparison shows that the full model
(ELPD = —428.37) achieves the highest predictive performance
among the models considered. The model with Fixation Dispersion
removed has a lower predictive performance (ELPDg; ¢ = -1.53,
SEgify 2.59), followed by the model with Fixation Rate on Active
AOIs removed (ELPDg;r¢ = -2.77, SEgiry = 2.54), and the fully
reduced model with both predictors removed (ELPDy;¢f = -4.18,
SEgiff = 3.45). The ELPD differences for the fully reduced model
are larger than four ELPD units, supporting the conclusion that
both gaze measures Fixation Dispersion and Fixation Rate on Active
AOIs improve predictive performance [78].

4.2.2  Link between Learning Outcomes and Gaze Measures. For an-
alyzing which of the gaze measures serve as a predictor of learners’
learning outcome, we fit two Bernoulli models using logit link func-
tion with weak informative prior (b = normal(0,0.5), Intercept =
normal(0, 2)) as responses are either 0 = wrong or 1 = correct [10].
Adding the learning video as a fixed effect did not improve predic-
tion accuracy for retention(ELPDg; ¢ = —1.95, SEg;¢r = 0.49), but
for understanding (ELPDg;rf = —0.35, SEg; ¢ = 2.23).

The posterior distribution for the retention model (ELPD =
—212.63) indicates that a larger Pupil Diameter (b = 0.52, 95% HDI
[0.05, 1.03], pd = 98.57%*, &; = 0.44, 95% HDI [ 0.03, 0.89]) is asso-
ciated with a higher probability of correctly answering questions
testing retention (see bottom panel in Figure 2). Similarly, the pos-
terior distributions of the understanding model (ELPD = —183.81)
indicates that a larger Pupil Diameter (I; = 0.85, 95% HDI [0.26,
1.48], pd = 99.76%"*, §; = 0.42, 95% HDI [0.09, 0.83]) is associated
with a higher probability of correctly answering questions testing
understanding (see bottom panel in Figure 2). The remaining gaze
measures showed no clear association with retention or understand-
ing. Removing Pupil Diameter as a predictor from the models results
in a lower predictive performance for the retention (ELPDg;ff =
-2.62, SEg; ¢ = 1.29) and understanding (ELPDy; ¢ = -3.75, SEg;
= 1.44).

5 Discussion

The following sections discuss the findings and lessons learned from
the EnGazement data collection and the results of our analyses of
the dataset, with implications for the design of gaze-based adaptive
learning systems.

5.1 Implications for Adaptive Systems

Our results suggest that future adaptive learning systems for VBL
that plan to use eye tracking to assess learners’ engagement or to
predict learning outcomes based on data recorded during learning
should prioritize fixation dispersion and pupil diameter as mea-
sures, where eye-tracking data from multiple learners are available.
Systems without access to others’ eye-tracking data must rely on fix-
ation rates within active AOIs and, therefore, implement solutions
for defining AOIs. These indicators can be used to detect changes in
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Figure 2: Posterior estimates of gaze measures as predictors of engagement (top) and learning outcomes (bottom), plotted with
tidybayes [44]. Dots represent the mean posterior estimates, and horizontal lines indicate 89% and 95% highest density interval
(HDI). The AOI-based measures are labeled with (AOI) (FF: first fixation, FPT: first-pass time, TTFF: time to first fixation). The
predicted probabilities are provided for engagement levels and for answering the question correctly. The shaded area represents

the standard error.

engagement during learning and trigger adaptive responses, such
as adjusting pacing [15] or pause the video when engagement is
low and offer learners to reflect [7, 60].

Gaze Measures as Indicators for Engagement. The analysis of col-
lected data identifies fixation dispersion and fixation rate on active
AOIs as promising gaze measures as indicators for engagement.
Learners who participated in our data collection showed smaller
distances from the distribution of fixations and fewer fixations on
active AOIs when more engaged, in contrast to larger distances and
more fixations on active AOIs when less engaged. These findings
contradict earlier assumptions suggesting that fixation counts on
relevant areas (active AOIs) increase with greater cognitive engage-
ment, reflecting deeper information processing [16]. A potential
explanation relates to the definition of AOIs. We defined active
AOIs as areas that appeared recently or were verbally referenced by
the speaker. We hypothesize that highly engaged learners noticed
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these active AOISs rapidly but quickly processed the information and
redirected their attention back to the overall information presented
in the video.

Contrary to expectations, we did not find that, besides the two,
other gaze measures indicate engagement or learning outcomes,
even though previous educational research has shown that mea-
sures like first pass time, first fixation duration, and time to first
fixation reflect learners’ processes of selecting and organizing in-
formation in multimedia learning [16]. For example, we expected
that learners with higher engagement would have shorter times to
first fixation on active AOIs, since we assumed that appearing AOIs
might guide learners’ attention. Reasons for that may include the
fact that many internal processes, such as engagement, reflected
in eye movements in controlled setups, might be overshadowed by
external influences, such as the visual appearance of the learning
content, which are inevitably present in actual VBL.
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Gaze Measures as Indicators for Learning Outcomes. Regarding
learning outcomes, our analysis indicates that learners in our data
collection exhibit larger pupil sizes when achieving higher learning
outcomes, as measured by both retention and understanding ques-
tions. This result is consistent with prior research demonstrating
the utility of pupillary activity as a marker of cognitive load [14, 46].
In particular, larger pupil diameters have been linked to increased
cognitive demand. Recent work on video-based online lectures fur-
ther supports this finding, showing that pupil measures are valuable
for estimating learners’ subjective comprehension levels [85].

Eye-Tracking Challenges & Privacy. While advancements in eye-
tracking hardware and software facilitate the collection and real-
time processing of high-quality eye-tracking data, it remains a
technically complex task that depends on the eye tracker and data
pipeline used, as well as on parameter choices. For instance, the
identification of eye movement events, the basis for calculating gaze
measures, depends on data quality, the identification algorithm,
and its parameters used [3]. Depending on the availability of eye-
openness data from the eye tracker used, blinks have to be classified
from data loss, which increases the risk of false negatives like partial
blinks [59]. Further parameters in the data processing pipeline, such
as window size, can affect classifier performance [39], and external
factors, such as the visual appearance of the learning content, which
are inevitably present in actual VBL, can also affect eye-tracking
data (e.g., pupil size).

Beyond these technical challenges, gaze data can reveal sensitive
information about learners, and they may not be fully aware of
these risks. Therefore, gaze-based adaptive learning systems should
consider privacy-aware processing of gaze data [73].

Ground Truth Challenge. For supervised classifier implementa-
tion, reliable ground-truth labels across the full range of the desired
variable are required. However, in the case of engagement, sub-
jectively rated engagement may not accurately reflect learners’
actual engagement [24], and since learning materials are designed
to engage learners, data points indicating low engagement are less
common than those indicating immediate and high engagement
(see distribution of engagement labels in the DAISEE dataset [31]).
Approaches focusing on assessing disengagement (e.g., mind wan-
dering [38]) may intervene when learners disengage, but are lim-
ited in detecting moments of high engagement, which may be
reflected to learners as an achievement to motivate them. While
stimulated recall has been shown to provide reliable ground-truth
labels [63], we propose a multimodal approach that complements
it with observer-based engagement annotations for recorded video
data, as commonly employed in prior datasets [43, 57].

5.2 Opportunities of EnGazement

The EnGazement dataset provides a valuable resource for research-
ing gaze-based measures for adaptive learning systems and learning
analytics. It enables reproducibility by allowing comparisons of eye-
tracking data collected across different learning materials and video
production styles. Educational researchers can use it to investigate
how learners’ prior knowledge, verbal references, and visual de-
sign influence attention allocation during learning. For instance,
by comparing scan paths of learners with high against low prior
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knowledge. The dataset can be used to train classifiers for adap-
tive learning systems, for example, to predict learners’ engagement
and learning outcomes or to simulate gaze behavior in VBL tasks.
Moreover, EnGazement can serve as an exploratory playground
for investigating novel gaze measures that may more accurately
indicate learners’ engagement and learning outcomes. Finally, the
dataset can support multimodal modeling by aligning gaze data
with visual or audio features from learning videos, thus helping iso-
late external content-driven effects from internal cognitive states.

5.3 Limitations

Our study is not without limitations We collected data from a sam-
ple of N = 18 learners, all university students in STEM fields, which
may limit the generalizability of our findings. Although we used
authentic learning videos selected from a popular video-sharing
platform, they were similar in production style and primarily tar-
geted medical students, restricting the diversity in video production
style [30]. Furthermore, due to practical constraints, our study did
not include truly in-the-wild learning environments. Future work
could address these limitations by collecting webcam-based eye-
tracking data to reach a more diverse set of content and learners,
and by replicating our findings with noisier eye-tracking data [47].
Our dataset is also limited by the above-mentioned ground-truth
challenge. Low-engagement labels in the dataset are underrepre-
sented, which may limit the generalizability of our findings to
disengaged or less attentive learners. Our dataset includes only
self-reported engagement measures, which may limit the reliability
of our analyses and should be considered when interpreting the
results or using the dataset to train classifiers.

6 Conclusion

This paper presented an exploratory analysis of the associations
between commonly used gaze measures, learner engagement, and
learning outcomes in a VBL context. The analysis was conducted on
a dataset comprising over 1.3 million processed eye-tracking data
points, derived gaze measures, and ground-truth labels for engage-
ment and learning outcomes collected from 18 learners watching
two learning videos. The results indicate that both an AOI-based
measure, fixation rate on active AOIs, and an AOI-independent
measure, fixation dispersion, are associated with learner engage-
ment, whereas pupil diameter is associated with learning outcomes.
From a design perspective, these findings suggest that adaptive
learning systems may rely on pupil diameter as a parameter for
modeling learning-related outcomes, while modeling learners’ en-
gagement can be supported either by fixation dispersion when
gaze data across learners are available or by fixation rate on ac-
tive AOIs when such data are not available. The latter approach,
however, requires reliable methods for defining areas of interest in
VBL materials. To support reproducibility and further investigation,
the EnGazement dataset is openly available. By providing a com-
prehensive set of processed gaze measures alongside engagement
and learning labels, the dataset enables future work on gaze-based
user modeling for adaptive learning systems to support learners’
learning processes.
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