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Virtual Reality (VR) enables immersive and realistic experiences in which complex multisensory interactions
often impose elevated cognitive demands on users. Excessive levels of cognitive load (CL) have been shown
to degrade performance and user experience, motivating the search for robust and non-intrusive indicators
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for CL monitoring in immersive environments. While recent approaches have leveraged physiological signals
for this purpose, many of these signals are sensitive to motion and require complex sensor setups. Given
the widespread integration of eye tracking in modern head-mounted displays, gaze behavior emerges as

Visual attention a promising alternative for objective CL assessment. In this work, we present a comprehensive analysis
of gaze behavior and its relationship to cognitive load in immersive, task-oriented VR. Using a publicly
available dataset collected in a multisensory visual search experience, we first examine how a range of gaze-
derived markers, including fixations, saccades, eye eccentricity, and pupil dilation, vary across cognitive load
conditions. We then investigate their relationship with biomarkers derived from complementary physiological
signals, including electrocardiogram (ECG), electrodermal activity (EDA), and respiration, to better understand
how gaze-based markers relate to broader physiological responses associated with cognitive load. Our results
reveal consistent changes in oculomotor behavior under high cognitive load, characterized by reduced saccade
amplitudes and eye eccentricity, together with increased pupil dilation. These patterns indicate a more centered
and less exploratory visual behavior, consistent with attention tunneling under high task demands. In addition,
we identify strong correlations between several gaze markers and the phasic component of electrodermal
activity, a well-known indicator of mental effort. Together, these findings highlight the potential of gaze-
based measures as lightweight and non-intrusive indicators of cognitive load, supporting the development of
adaptive, user-aware VR applications.

1. Introduction being able to estimate users’ cognitive load is key to the development
of user-aware VR systems, as it enables adapting the experience to
maintain performance, engagement, and comfort. For example, learn-

ing and training applications may dynamically adapt task difficulty,

Virtual Reality (VR) experiences have lately become increasingly
complex, allowing for new forms of multisensory interaction and im-
mersion. This has led to the development of VR applications in domains
such as training, education, and entertainment, where performance,
comfort, and user experience are key. In these contexts, understanding
the cognitive demands imposed on users is essential, as excessive
mental workload can affect decision-making, slow task execution, and
reduce overall engagement.

The Cognitive Load Theory [1] characterizes cognitive load (CL)
as the amount of cognitive resources allocated to task processing,
and prior work has shown that elevated levels of CL can degrade
performance and hinder user experience [2]. Because of these effects,

information density, or feedback to improve retention and skill acquisi-
tion. Real-time CL monitoring can also help anticipate overload-related
effects such as fatigue or cybersickness, enabling proactive system
adaptation. More broadly, integrating cognitive load assessment into
VR design facilitates the creation of personalized experiences that
balance effectiveness, immersion, and user well-being.

Traditionally, CL assessment has relied on subjective measurement
methods, mostly self-reporting questionnaires (e.g., NASA-TLX [3])
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where users provide numerical scores to describe their workload. De-
spite still being a widely adopted technique, this approach presents sev-
eral limitations for immersive scenarios: questionnaires lack continuity
in time, are often disruptive, and remain purely subjective. As a result,
substantial effort has been dedicated to identifying objective markers
as indicators of CL. Recent work has explored the correlations be-
tween physiological signals and CL variations, linking CL to changes in
electrocardiogram (ECG), electrodermal activity (EDA), respiration, or
neural signals derived from electroencephalography (EEG) [4,5]. While
these modalities allow for continuous and less-disruptive measurement,
they are also highly sensitive to confounding factors like physical
movement and sensor noise [6]. This is particularly challenging, as
most modern VR applications offer dynamic and interactive scenar-
ios, involving frequent head and body motions, making it difficult to
disambiguate the effective contributions of CL and movement.

Gaze has also been suggested to be a good proxy of cognitive
demands [7,8] and interactions during task completion [8]. Several
works have suggested that certain gaze features, such as fixations, sac-
cades, and pupil dilation, are modulated by CL variations [9,10]. With
the increasing integration of eye-tracking technology into modern VR
headsets, driven in part by the widespread adoption of techniques such
as foveated rendering, the availability of high-quality gaze data has
grown substantially. The apparent correlation between gaze data and
perceptual processes, together with the availability of large datasets
and easy real-time gaze capture, has made gaze a compelling and
promising candidate for objective CL estimation in VR, bypassing the
motion sensitivity of most other physiological signals.

However, interpreting gaze data for CL assessment in VR remains
challenging. The relationship between gaze-related features and CL is
still not well established for immersive VR environments involving
complex tasks, limiting their reliability as general indicators. Further,
the impact of multisensory experiences, particularly the role of auditory
input, has received limited attention, and existing studies do not always
report consistent results regarding its influence on CL. In this work, we
address the challenges aforementioned by performing a comprehensive
analysis of gaze behavior under different CL conditions in multisensory
VR, and by investigating its relationship with physiological signals. To
this end, we leverage the publicly available dataset from Pina et al. [6]
containing physiological, gaze, and subjective data for different CL
levels. This dataset was collected in a visual-search experiment, where
high CL was induced by a secondary auditory task performed simul-
taneously by users. Importantly, the experiment also included two
search-area configurations, inducing different visual exploration and
movement patterns. This allows us not only to study whether gaze
markers vary with cognitive load, but also to better understand the
extent to which these effects are influenced by the spatial demands of
the task.

Our analysis focuses, first, on characterizing how eye-related fea-
tures relate to cognitive load, with the goal of evaluating their potential
as predictive markers. We extract and analyze gaze features, including
fixations (periods where the gaze remains stable), saccades (rapid eye
movements between fixations), eye eccentricity (angular deviation of
gaze from the center of the field of view), and pupil dilation, and
derive corresponding gaze markers including dwell time (accumulated
fixation time); number and duration of fixations; number, duration, and
amplitude of saccades; eye eccentricity; and head entropy. Through
statistical analyses, we examine how these markers relate to both
cognitive load and the search area conditions included in the dataset.
In addition, we explore the direct relationship between gaze-based
markers and other representative biomarkers extracted from the phys-
iological signals available in the dataset, including mean heart rate
(HR), mean respiration frequency (RF) and the phasic (EDAphaS[c) and
tonic (EDA,,,;.) components of the electrodermal activity (EDA). This
second analysis aims to assess the extent to which eye-related measures
reflect broader changes in users’ physiological states, beyond their
direct association with cognitive load in the present task.
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Our results reveal that search area has a dominant effect on gaze
behavior, whereas cognitive load selectively affects only a subset of
gaze markers. In particular, higher cognitive load leads to shorter
saccade amplitudes, reduced eye eccentricity, and increased pupil di-
lation. These patterns suggest a more constrained and less exploratory
oculomotor behavior under higher task demands, consistent with a
narrowing of the effective field of view often referred to as atten-
tion tunneling. Further, we found that several gaze metrics exhibit
meaningful relationships with physiological signals, particularly with
the phasic component of the electrodermal activity, which is known
to be a good indicator of the triggering of mental effort and task
engagement [11-13]. Together, these findings reinforce the potential of
integrated eye tracking in head-mounted displays to provide continuous
and non-intrusive indicators of cognitive load, while also showing
that careful interpretation and further research is needed to separate
cognitive effects from task- and environment-driven gaze behavior.

We believe this work contributes to strengthening the study of gaze
and visual attention as CL indicators in VR, and that it will foster future
work to leverage gaze data for lightweight CL assessment methods
in immersive experiences. We will make our complementary metrics
extracted from the dataset publicly available upon acceptance.

2. Related work

2.1. Gaze behavior analysis

Gaze behavior reflects how visual attention is distributed across a
scene. Early research leveraged eye-tracking systems to study gaze be-
havior when consuming visual content in traditional 2D displays [14-
16]. These resorted to gaze-related features such as fixations, saccades,
or saliency to characterize how users process visual information. Fol-
lowing work studied whether the insights obtained from traditional 2D
displays applied to immersive virtual environments, like the seminal
work from Sitzmann et al. [17]. While some patterns translated from
one medium to the other, there were notable differences. VR environ-
ments are 360°, which limits the content that can fit inside the user’s
field of view (FoV); give the user complete control of the camera;
often provide depth cues; and feature multisensory interactions. This
results in more diverse gaze patterns, influenced by many confounding
factors [18].

As research has shown, low-level and high-level visual properties of
the virtual environment have a strong effect on gaze behavior. Factors
such as luminance, contrast, color, size, and depth influence bottom-up
(automatic, stimulus-driven) visual attention [19]. At the same time,
viewing behavior is also driven top-down (voluntarily) by semantic
aspects [20]. To better understand visual attention, and the interplay
of such cues, several works have performed user studies to collect
comprehensive gaze datasets under different viewing conditions and
environments [21-23]. Other works have later leveraged this data to
create models able to accurately predict gaze patterns in the form of
saliency maps (time static) [24,25] or scanpaths (time dynamic) [26,
27]. Latest approaches have attempted to strive for more realistic
applications, accounting for multisensory dynamic scenarios [28,29].

While these works mainly focused on free-exploration scenarios
with no user interaction, subsequent research has studied gaze behavior
in task-oriented experiences. This is especially relevant, as most real-
world VR applications involve some sort of task or goal. Works like
Malpica et al. [30] and Hu et al. [31] observed notable differences in
gaze patterns while performing tasks. This suggests that the study of
gaze behavior should be done consciously of the cognitive processes
being performed by the user.
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2.2. Cognitive load analysis

Cognitive Load Theory [1] defines CL as the amount of cognitive
resources allocated to specific tasks over time. Traditionally, CL has
been measured using subjective tools like self-reported user question-
naires [32], with the NASA Task Load Index (NASA-TLX) [3] being
the most widely adopted. These methods collect CL levels numerically
before and after the experience to detect subjective variations. How-
ever, such approaches present limitations: questionnaires lack temporal
continuity, they rely on the subjective view of the user, and they
usually require breaking immersion. These drawbacks are especially
challenging for CL monitoring during VR experiences, where continuity
and immersion are key.

Prior work has explored less disruptive methods for CL measure-
ment [33]. These relied on user self-evaluation provided periodically
during the experience. However, this poses only a partial solution:
while less disruptive, the need of constant feedback from the user
remains distracting, which can interfere with task performance and
attention. Moreover, the data obtained remains purely subjective.

Beyond self-evaluation, research has investigated the validity of
physiological signals as valid CL indicators, following studies linking CL
variations with autonomic nervous system shifts [34]. Cardiovascular
measures such as heart rate (HR) increments or heart rate variability
(HRV) reductions [35], and alterations in the respiratory frequency can
be attributed to levels of elevated CL [36]. On the same line, features
derived from electrodermal activity (EDA) [4] and neurophysiological
features obtained from electroencephalogram (EEG) have also been
deemed as strong CL indicators [5].

Nonetheless, these physiological signals can also be influenced by
other factors, like movement or sensor noise. Moderate exercise can
substantially modulate electrocardiogram (ECG), EDA, or respiration
patterns [37,38], making it hard to discern the real source of the
variations. This challenge is specially pronounced in VR applications,
which often involve interactive and dynamic scenarios. This motivates
the exploration of additional complementary measurements that can
increase the robustness of CL assessment, like eye and gaze-related
data.

2.3. Gaze and cognitive load

Eye-related measurements have been studied as potential indicators
of cognitive and emotional states [7,8]. Early work focused on the use
of pupil size, correlating increments in pupil diameter to situations
of elevated mental effort and high task difficulty [39]. This was later
consolidated in pupillometry, reinforcing the phenomenon known as
task-evoked pupillary response [40], which links pupil dynamics to
cognitive processing through activations of the sympathetic system.
Research was first conducted on traditional environments, but more
recent work suggests that these findings also extend to immersive
settings. In particular, pupil dilation has been consistently shown to
increase with task difficulty and mental effort in VR scenarios [41-43],
and is often identified as one of the most reliable indicators of cogni-
tive load. However, it is also well known to be sensitive to external
factors such as luminance, arousal, and fatigue, which complicates its
interpretation in realistic environments.

Beyond pupillometry, other gaze-related features have also been
explored as potential indicators of cognitive load, since eye move-
ments carry rich information about task demand. With the increased
availability of eye-tracking systems, features such as fixation dura-
tion, fixation rate [9], saccade amplitude and velocity [10], or blink
frequency [44] have been tested as promising CL indicators. Classic
studies suggest that longer fixations reflect increased information pro-
cessing demands, while saccadic properties are more closely related
to global scanning behavior and overall mental workload [45-47].
These trends are supported by more recent works in both traditional
and immersive environments, where longer fixations, reduced saccadic
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activity, and increased pupil size have been associated with higher
cognitive demand [42,48,49].

The use of gaze measurements in CL analysis for VR applications
presents advantages: many VR headsets incorporate eye-tracking sys-
tems, able to obtain real-time data during the VR experience. This
enables easy, non-intrusive data capture. However, it also presents
challenges: eye behavior is not only influenced by CL variations, but
it can also differ highly on visual elements. Pupil diameter is known to
be heavily influenced by changes in the illumination [50], and previous
work has studied how gaze patterns can be affected by environmental
visual features like color, size, or depth [51]. Furthermore, in immer-
sive environments, recent work shows that gaze behavior is tightly
coupled with task dynamics and user interaction: for instance, fixation
and saccade patterns may reflect not only cognitive effort but also
attentional and search strategies in complex 3D environments [30,48].

Despite these limitations, prior work has highlighted the benefits
of using eye-related measurements for tasks like CL estimation. Mul-
timodal approaches combining eye-tracking with other physiological
signals have shown improved robustness, providing increased predic-
tion accuracy and outperforming previous state-of-the-art works [52-
54]. However, the relative contribution of each individual gaze feature
remains unclear when large sets of metrics are considered [55].

Moreover, while some studies demonstrate the feasibility of us-
ing eye tracking for cognitive load detection in complex VR tasks,
they often focus on predictive performance, with limited analysis of
how individual gaze features relate to cognitive processes in dynamic
spatiotemporal environments [56].

Overall, although a broad range of gaze metrics have been as-
sociated with cognitive load, most existing studies are conducted in
non-immersive or weakly immersive settings, rely on simplified tasks,
or do not fully account for the complex multisensory interactions and
movements characteristic of modern VR experiences. In the context of
immersive, task-oriented VR environments, the relationship between
gaze behavior, cognitive load, and physiological responses remains
insufficiently explored. Moreover, prior work has primarily focused on
predictive performance, while providing limited insight into how eye-
related markers relate to both cognitive load and other physiological
signals in realistic VR scenarios. In this work, we address these gaps by
jointly analyzing gaze features, cognitive load, and physiological mea-
sures in a multisensory VR setting, and by examining their implications
for user-aware application design.

3. Dataset

Several works have collected datasets comprising gaze and physio-
logical signals recorded under different CL conditions in VR [52,53,571.
However, the experimental conditions in which they were captured
differ notably, and they use substantially different measuring methods
and labeling for the CL levels (e.g., dynamic vs. static, purely visual vs.
multisensory, discrete CL levels vs continuous scores). Moreover, most
existing studies primarily focus on training predictive models, placing
less emphasis on systematic analyses of how gaze and physiological
markers relate to cognitive load in these datasets. For this work, we
leverage the dataset collected by Pina et al. [6] as the publicly avail-
able VR dataset with the largest diversity of physiological signals and
derived biomarkers, the one with the most exhaustive analyses on the
correlation between cognitive load and physiological markers, and the
addition of different levels of movement. We will from now on refer to
it as Pina dataset.

Pina dataset contains physiological data from 35 users, out of which
12 were female and none identified as non-binary, not listed, or pre-
ferred not to disclose. The data was recorded during a visual-search
experiment that was split into four conditions based on two factors:
two CL conditions and two search area (SA) conditions. The CL level
was separated into low and high, where the high CL level was elicited
by an additional auditory task (pressing a key on the controller when
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Fig. 1. Overview of the experiment from the dataset used. Top right: Virtual
scene used during the experiment. Left: The experiment included two levels
of congitive load, induced by a secondary auditory task. Bottom: Overview of
the experimental procedure, which consisted of a visual search task in which
participants had to find a highlighted object as fast as possible (inset).
Source: Figure adapted from the original work of Pina et al. [6].

hearing an odd number) performed simultaneously to the main visual
search (searching for objects highlighted as golden). The increased
mental demand of this multitasking scenario was validated through
subjective measurements. The SA condition defined the region where
the search task was performed (either 90° or 360°). While the 90° SA
presented all the search targets directly in front of the user, inside
their field of view, the 360° SA placed the targets around the user,
forcing them to rotate to complete the search task. This is a particularly
relevant aspect of the dataset, given the dynamic nature of most real
VR applications and the influence that movement can have on some
physiological signals [58,59]. The experiment followed a full within-
subjects design, resulting from the combination of both SA and CL
conditions previously mentioned, whose order was counterbalanced to
prevent order biases. Additionally, relaxation periods were used both
as an initial baseline and to reduce carry-over effects and ensure that
the captured signals were not influenced by conditions adjacent in
time. Fig. 1 shows the virtual scene and setup used in the experiment,
together with an overview of the experimental procedure.

Pina dataset contains physiological data that was obtained with
the Shimmer3R ECG Unit and the Shimmer3R GSR+ Unit, comprising
Electrocardiogram (ECG), Electrodermal Activity (EDA), Respiration,
and Photoplethysmogram (PPG). Additionally, it offers behavioral data
including eye tracking, task performance, and subjective evaluations
reported by each user. Eye-tracking data was recorded with the Varjo
XR-4 built-in eye-tracker at a rate of 200 Hz. This included pupil and
iris diameter, eye openness, and the eye forward vector. Pina et al. [6]
performed a comprehensive analysis of some of the main physiologi-
cal signals captured, extracting four representative biomarkers: mean
heart rate (HR), mean respiration frequency (RF), median EDA tonic
component (EDA,,,;.), and median EDA phasic component (EDA,;.)-
However, the eye-related information from the dataset remains unex-
plored. Therefore, our work aims to leverage the eye-tracking and pupil
data available to perform a thorough analysis and explore correlations
with the rest of physiological signals.

4. Data processing

Before extracting gaze markers and performing our analyses, we
preprocess the raw eye-tracking data to ensure spatial consistency
across participants. In particular, we aim to represent all gaze samples
in a common reference frame, so that gaze behavior can be compared
reliably across users and experimental conditions. Gaze data in Pina
dataset was recorded using the integrated eye tracker from the Varjo
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Fig. 2. Overview of the importance of adjusting our computation of gaze
UV coordinates to each participant’s height and position: different subjects
(e.g., red and blue) look at the same object from different points of view. We
compensate for their differences (purple asterisk) to normalize all gaze data
into a unified coordinate system.

XR-4, which is represented in the HMD local coordinate system. How-
ever, local coordinate systems are specific to each user, considering
potential differences in height and position shifts during the experiment
(see Fig. 2). Therefore, we first aim to normalize all gaze data into a
world coordinate system in which they are all comparable; i.e., a gaze
UV system common to all users.

To do so, we carry out a ray-casting approach by simulating the
experiment room as a prism with the same dimensions. Then, we cast
gaze rays from the HMD position and orientation, and store the UV
coordinates in which the ray hits the scene. The first component (U,
horizontal) represents the longitude, and the second represents the
latitude (V, vertical), both normalized between 0 and 1 (west to east
and south to north, respectively).

Next, we aim to obtain reliable markers of gaze behavior. We
first compute the gaze velocity (i.e., eye movement between frames)
from the gaze UV. With such velocities, we can compute the two
most prominent gaze movements: fixations and saccades. Fixations are
large enough (approx. > 100 ms) spans of time that subjects spend
focusing their gaze on an element in the space, while saccades relate
to ballistic (approx. > 300 deg/s) gaze motion between fixations. To
classify our gaze data into fixations and saccades, we resort to the
Velocity-Threshold Identification (I-VT) algorithm [60], which lever-
ages gaze velocity and eye openness to identify those phenomena. In
this classification, the type of eye movement is not assumed if eye
openness is under a threshold in eye openness (in this case, 0.75). We
finally join contiguous equal-tagged frames into unique events. We then
store the total number of fixations and their duration, and the number,
duration, and angular amplitude for saccades.

4.1. Pupil dilation integrity

Pupil dilation (PD) is known to be influenced by both environmental
factors, such as luminance, and cognitive load [41,61]. The original
experimental scene (see Fig. 1) featured fixed, static lighting and no
dynamic visual elements. Under these conditions, illumination remains
constant, allowing us to consider pupil dilation as a candidate marker
of cognitive load in our analysis.

However, some current HMDs apply automatic compensation to
pupil dilation measurements (e.g., adjusting raw values based on eye
rotations or other ocular factors), which may affect the interpreta-
tion of pupil changes. Whether such compensation mechanisms are
implemented in the Varjo XR-4 headset is not publicly documented.
To examine the behavior of the recorded pupil signal, we conducted
a preliminary experiment in which participants tracked a highlighted
item fixed relative to the headset, inducing controlled variations in
eye eccentricity (i.e., angular displacement from the gaze point to the
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PD results through UV

Right pupil-iris diameter ratio

Fig. 3. Left: Target trajectories (red lines) followed by participants through-
out our experiment on pupil compensation. Both uppermost and lowermost
trajectories set the target in the FoV border. Right: Eye-tracking results for
one participant. X and y axes represent the gaze direction, and color yields
pupil diameter ratio (over the iris) in the right eye. PD grows as expected
when the target gets away from the center (due to the eye being rotated),
which suggests that the used headset did not compensate for pupil dilation
automatically.

viewport center). If strong compensation were applied, pupil dilation
values would remain invariant despite changes in gaze direction. We
analyzed the pupil-to-iris diameter ratio, which provides a relative and
bounded measure, as a function of gaze direction. The experiment was
conducted with three participants.

We observed systematic variations in the pupil ratio across different
eccentricity levels (including lateral gaze shifts; see Fig. 3 for one
representative participant and the supplementary material for addi-
tional results). This suggests that the recorded signal preserves mean-
ingful variations rather than being fully normalized by headset-level
compensation. Therefore, we include pupil dilation in our analyses,
while acknowledging that residual device-level processing effects and
motion-related influences cannot be entirely ruled out, although their
magnitude appears limited under the conditions of our experiment, as
illustrated in Fig. 3.

5. Gaze analysis

Many works have studied the use of physiological markers (see
Section 2.2) for cognitive load (CL) assessment. However, capturing
such markers requires specific devices whose interpretation and analy-
sis are not trivial. On the other hand, recent head-mounted displays
(HMD) already incorporate integrated eye-trackers, which allow for
the easy capture of gaze behavior during immersive experiences. Since
gaze information can also be informative of CL, yet much remains
unexplored in this regard, we focus on analyzing (i) the correlation
between gaze and CL, and (ii) the correlation between gaze and other
physiological markers, both from Pina dataset, to ideally study whether
gaze can help better understand different levels of cognitive load with
integrated eye-trackers, and without resorting to additional devices.

5.1. Visual representations of gaze

In our first analysis, we aim to find changes in visual behavior under
different levels of cognitive load. We first focus on analyzing visual rep-
resentations of gaze, which are commonly employed to visually inspect
participants’ gaze behavior. Several works [17,29] have resorted to
saliency maps, which can be defined as heatmaps showing which parts
of a scene are more conspicuous to viewers, or, similarly, which parts
of the scene are more likely to draw viewers’ attention. To generate
such saliency maps, we leverage the previously computed Gaze UV
component (see Section 4) to compute discrete fixation maps, which we
later convolve with a Gaussian kernel with ¢ = 1°, the estimated size of
the human fovea [17]. We additionally compute radial plots using only
the U (horizontal) component and 1D kernels for better visualization.

Fig. 4 shows both representations for different experimental con-
ditions. Qualitatively, noticeable differences emerge in the saliency
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distributions for the different search areas. In the smaller search area
(90°), visual attention is strongly concentrated within the restricted
field of view. In contrast, in the full search area (360°), attention is
more broadly distributed, reflecting the need for head rotations and
the wider spatial extent of the task.

We further compare whether saliency distributions differ between
different levels of cognitive load for a fixed SA. We resort to the
well-known metrics of Pearson’s correlation (CC, which retrieves 0
for no correlation, and 1 or —1 for direct or inverse correlations,
respectively), and Kullback-Leibler divergence (K LD, which measures
divergence between distributions, i.e., the lower the better). Results
for Pearson (CCyjpe = 0.861 + 0.058, CCs4p0 = 0.885 = 0.060) show
a strong similarity between those maps, and Kullback-Leibler results
(K LDgyo = 0.420 + 0.240, K LDsgp0 = 0.352 +0.219) yield no significant
divergences. These results seem to suggest that there is no prominent
variation or pattern in gaze distributions between low and high CL
levels, and that if such differences exist, they might come from more
low-level gaze characteristics.

5.2. Low-level gaze markers

Since we found no evident differences in visual representations of
gaze between different CL levels within a fixed SA, we now focus
on studying low-level characteristics of gaze. To do so, we analyze a
large set of markers, including all the fixation and saccade markers
previously introduced (Section 4) and pupil dilation ratio (Section 4.1).
Beyond them, we also leverage our pre-processed data to compute
additional gaze behavior markers such as dwell time (the total amount
of time the subject is fixating), eye eccentricity (i.e., the angle between
head and eye), and head orientation entropy (i.e., Shannon entropy
of head orientation), which have been suggested to be good markers
of behavioral changes when performing tasks within virtual environ-
ments [30]. We compute all these metrics per user and experimental
condition (CL x SA).

Since more than half of our data does not follow a normal distri-
bution (Shapiro-Wilk test, p < 0.05), we resort to the Aligned Rank
Transform (ART) for non-parametric factorial ANOVA [62-64]. We
compute several models, so that each gaze metric is a dependent vari-
able, SA and CL are fixed factors, and users are taken into account as
random effects: gaze metric ~ cognitive load * search area
+ (1 | participant), where “*” denotes both the effects of each
factor and their interaction. Within the original experiment, condition
order was counterbalanced and relaxation periods were included before
each condition, effectively mitigating carry-over and order effects [6].

We first observe that the search area (SA) has a dominant effect on
gaze behavior (Table 1). Dwell time is lower, and there are more gaze
events in 360° SA configurations, where fixations are shorter (half the
time in 360° SA), and saccades, while of equal duration, are wider.
In addition, pupil dilation increases. We interpret this behavior as a
consequence of the larger spatial extent of the task in the 360° SA
condition, which requires participants to distribute their attention more
broadly and devote less time to individual locations. Furthermore, the
360° configuration actively encourages head movements to explore the
environment, which may partially offload visual exploration from the
eyes and further shape gaze behavior.

In contrast, the effect of cognitive load (CL) in visual behavior
(Table 1) is less prominent, yet still affects some gaze markers. Our
results reveal significant effects on saccade amplitude, eye eccentricity,
and pupil dilation. Distributions for these metrics can be seen in the
violin plots of Fig. 5. In high CL conditions, both saccade amplitude and
eye eccentricity decrease, while pupil dilation increases. The decrease
in saccade amplitude suggests that less space is scanned between fixa-
tions and across time, since the number and duration of both fixations
and saccades are similar. This behavior is consistent with previous
findings in tasks such as flight simulation and mixed-reality discovery
tasks [42,65]. We hypothesize that, when cognitive resources are less
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Fig. 4. Left: Saliency maps obtained from Pina dataset, averaged for all users by each search area, for high cognitive load settings. Gaze is located in those areas
where items appear for each SA. Right: Radial plots built upon the same conditions. Note that visual attention is apparently sharper in the 90° SA condition,
and much more spread in the 360° SA condition, which we hypothesize might be because of the latter forcing user to move their head and not always having

the highlighted items popping up in their field of view.

constrained, users can afford to explore the environment more broadly,
whereas under higher task demands (in this case, due to the secondary
auditory task), participants reduce their exploration range, resulting in
more localized scanning behavior. This reduction in explored space is
accompanied by lower task performance under high CL conditions, as
reported in the original experiment [6].

The observed decrease in eye eccentricity suggests that gaze be-
comes more centered and less exploratory. This aligns with the afore-
mentioned behavior and is consistent with a narrowing of the effective
field of view, commonly described as attentional tunneling [66,67].
This suggests that under higher cognitive load, users prioritize central
visual information and reduce peripheral exploration. Importantly, this
trend holds across both search areas, indicating that it is robust to
environmental scale. Together, these results point to a shift towards
more conservative and constrained visual sampling strategies under
high CL [68], where exploration is reduced and attention becomes
more focused. In addition, the increase in pupil dilation that we found
might also be related to different work levels and increased stress [69].
Broadly speaking, these results seem to indicate that under high cogni-
tive load, subjects stabilize their gaze by reducing their eye movements,
which, in general terms, is consistent with attention research [70].

Interestingly, we did not observe significant differences in fixa-
tion duration, which has sometimes been reported as one strong CL
indicator [47-49]. Some works have found that longer fixations are
usually tied to higher processing demands. In our work, however, we
did not find such differences. We believe that, given the nature of the
original experiment, fixation behavior may be strongly driven by the
task structure and spatial exploration, and that might be overshadowing
more subtle cognitive effects.

Taken together, these findings suggest that not all gaze metrics are
equally informative of cognitive load in immersive environments. While
some features, such as pupil dilation, saccade amplitude, and eccentric-
ity, show consistent sensitivity to CL in our study, other metrics appear
to be more strongly influenced by exploration demands (in our case, the
search area). This observation highlights the importance of carefully
interpreting gaze-based measures in VR, and suggests that disentan-
gling cognitive effects from environment- and task-driven behavior is
important for their reliable use.

5.3. Gaze and physiological signals

The original work by Pina et al. [6] studied how different physiolog-
ical signals related to increases in cognitive demands. They particularly
studied four main markers: mean heart rate (HR), mean respiration
frequency (RF), and the median tonic (EDA,,,,.) and phasic (EDA,;.)
components of electrodermal activity. We refer the reader to the origi-
nal work for further insights on these markers. However, whether such
markers correlate with gaze, and if thus gaze can be a good predictor of
any of those, and by extension, of cognitive load, remained unexplored.
Therefore, we perform an exhaustive statistical analysis of the potential
correlations between each of them.

Table 1

Results from the Aligned Rank Transform (ART) for non-parametric factorial
Analysis of Variance (ANOVA) for different gaze metrics and experimental
conditions (cognitive load, CL, and search area, SA). Significant differences
are boldfaced, and effect sizes (partial #*) are included for each of them.
Search area (SA) strongly influences gaze behavior. Higher cognitive load (CL)
yields shorter saccades, smaller eye eccentricity, and increased pupil dilation,
which suggests efforts for gaze stabilization and increases in stress levels from
participants. See main text for further discussion.

Metric p-value ES - Partial 5°
CL SA CL SA

Dwell time 0.821 <0.001 0.001 0.690
Number of fixations 0.398 <0.001 0.007 0.650
Number of saccades 0.172 <0.001 0.020 0.280
Fixation median duration 0.288 <0.001 0.010 0.710
Saccade median duration 0.165 0.183 0.020 0.020
Saccade median amplitude 0.001 <0.001 0.110 0.540
Eye eccentricity 0.024 <0.001 0.050 0.250
Head orientation entropy 0.069 <0.001 0.030 0.810
Pupil dilation 0.001 <0.001 0.100 0.420

For this analysis, we focus only on the data of the 360° SA condition,
as we consider it to be the most representative of immersive experi-
ences, while also capturing important aspects such as user movement
within the environment. We then run ANOVA tests in which each of the
previously explored gaze metrics and the cognitive load level are used
as fixed factors. For the random effects, we again account for variability
between participants. However, instead of assuming that gaze affects all
participants equally, we allow the effect of each gaze marker to vary
across individuals by including participant-specific slopes. This allows
the model to capture how strongly gaze relates to the physiological
signal being evaluated for each participant, thereby accounting for indi-
vidual differences in gaze—physiology coupling. This leads to models of
the form physiological signal ~ gaze marker * cognitive
load + (1 + gaze marker | participant).

Results for the ANOVA tests (see Table 2) suggest relationships
between some gaze markers and some physiological markers. First we
found strong correlations between EDA,,;. and the number (p =
0.0001) and mean duration of fixations (p = 0.0004), the number (p =
0.0007) and median duration of saccades (p = 0.0427), eye eccentricity
(p = 0.0177), and pupil dilation (p = 0.0366). In addition, we found
more correlations between HR and the number (p = 0.0001) and mean
duration of fixations (p < 0.0001), and the median saccade duration
(p = 0.0199). The results for all the other markers and physiological
signals are included in the supplementary material.

As for the significant correlations, several studies have suggested
that markers derived from EDA and ECG can sometimes act as strong
CL indicators [11-13]. While HR is generally considered less reliable
(mainly due to motion sensitivity), EDA . is a more robust marker
that is able to capture CL variations from short-period stimuli. The-
oretically, phasic EDA is known to be a good indicator of transient
sympathetic arousal associated with mental effort and task engagement,
which increases under higher cognitive load. The strong correlation
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Fig. 5. Violin plots showing the distributions of saccade amplitude, eye eccentricity, and pupil dilation under different cognitive load levels (see Table 1). We
detect the strongest dependencies over saccade amplitude, which suggests that, under high CL, subjects tend to stabilize their gaze by doing narrower saccades.
This stabilization is also supported by a smaller eye eccentricity, which seems to relate to a more centered and less exploratory visual behavior, consistent with
attention tunneling under high task demands (see main text). Lastly, pupil diameter also seems to relate to high CL conditions, probably because of its inherent

relation to higher stress levels. (* for p < 0.05, ** for p < 0.01; *

Table 2

Results (p-values) from the Analysis of Variance (ANOVA) between physi-
ological and gaze markers within the 360° SA condition, where cognitive
load is included as a factor. Significant values are boldfaced. EDA,,,;., and
more slightly HR, yield strong correlations. This suggests that eye-tracking,
nowadays integrated in the latest head-mounted display, could be used as a
proxy for cognitive demand triggers. See the main text for further details,
and the supplementary material for the table with the statistical results for
all statistical variables studied.

Gaze metric Physiological marker

HR RESP EDA,,,. EDAyic
Number of fixations 0.0001 0.2735 0.2772 0.0001
Fixation mean duration <0.0001 0.2361 0.0167 0.0004
Number of saccades 0.4710 0.4289 0.6189 0.0007
Saccade median duration 0.0199 0.8392 0.8748 0.0427
Eye eccentricity 0.7692 0.2947 0.1174 0.0177
Pupil dilation 0.2420 0.2543 0.3547 0.0366

between so many gaze-based markers and EDA ,;,,;. suggests that these
gaze markers could be a good proxy of such activation mechanisms,

and thus of moments in which cognitive demands are triggered.
6. Discussion and applications

We have performed thorough analyses to provide insights into how
cognitive load (CL) manifests in gaze behavior within immersive visual-
search tasks. Our results suggest that high CL scenarios resulted in
changes in gaze behavior that align with the notion of a more centered
and less exploratory visual behavior, similar to the theory of tunnel
vision, where motor activity is reduced when cognitively burdened in
order to preserve resources. The increased pupil dilation during high CL
conditions also aligns with previous work in the field of pupillometry,
although it also suggests that pupil dilation in immersive environments
could reflect overall mental effort, instead of being tied exclusively to
visual processing tasks.

We also found that several gaze markers were strongly related
to HR and EDA,,,;.. However, no significant correlation was found
with EDA,,,;., which is also traditionally considered to be a strong
CL indicator. These results point towards the potential of gaze-derived
markers for the interpretation of specific forms of sympathetic activa-
tions. While EDA, ;. is known to reflect slow but constant variations
in CL, EDA is capable of capturing fast alterations in cognitive
demand.

Taken together, our results could indicate that, while some gaze
markers like the saccade amplitude become prominent indicators only
for longer experiences, other markers like the eye eccentricity and the
pupil dilation might be capable of reflecting rapid CL variations in a

phasic

* for p < 0.001).

similar pattern to EDA, ;.. Overall, we believe that gaze and physi-
ological signals should not be seen as competing explanations of cog-
nitive load, but as complementary ones. Physiological measures reflect
broader autonomic responses, while gaze shows how perception and
eye movements adapt to task demands. Their partial overlap suggests
that both types of signals coexist and together provide a clearer picture
of cognitive load in immersive environments. Overall, we believe this
correlation is very promising, as gaze-based indicators of cognitive
load can be readily obtained with existing head-mounted displays
through their integrated eye-trackers, ultimately enabling immediate
and sensor-free practical applications.

6.1. Applications

Achieving accurate cognitive load (CL) estimation through gaze-
related markers has direct implications for the development of VR
applications. The current presence of integrated eye-tracking systems
in commercial head-mounted displays would allow for lightweight CL
monitoring during VR experiences, enabling adaptive rendering based
on the current mental workload, training assistance, or adaptive VR
experiences. Here we briefly discuss such applications and how our
insights could foster each of them.

Workload-contingent rendering: Visual processing constitutes a per-
manent mental demand for the user, and increases with visual com-
plexity. Obtaining real-time information of the CL level experienced by
the user could allow for more efficient rendering strategies [71,72],
such as lowering visual detail for scenarios of high CL, or increasing
it whenever the user is not engaged enough. This could result in both
an increase in rendering performance and a decrease in CL levels. For
instance, our work suggest that whenever sensorimotor economy trig-
gers, and eye movements decrease (i.e., smaller saccades and smaller
eye eccentricity), and thus, if applications were to analyze them in real
time, they could adaptively adjust their rendering strategies.

Training assistance: As VR applications have become increasingly
realistic, virtual environments have been adopted for training pur-
poses in multiple domains, such as medicine, navigation, simulation,
among others [73]. Continuous monitoring of CL variations during
these training experiences would provide valuable feedback on the
user’s mental state at each part of the process. Additionally, recent
work has attempted automatic difficulty regulation on training VR
applications to improve learning [74,75]. Therefore, analogous to the
previous application, our insights suggest that some particular gaze
markers could enable easy adjustment of the difficulty of the training
experience.

Cybersickness anticipation: Electrodermal activity (EDA), particularly
its phasic component, has been repeatedly linked to autonomic arousal
and discomfort responses in immersive environments [76,77]. The
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correlations we observe between EDA,,, . and specific gaze mark-
ers suggest that oculomotor behavior could provide an early, non-
intrusive proxy for emerging cybersickness. In practical terms, real-
time detection of gaze stabilization patterns (such as reduced saccadic
amplitude or constrained eye eccentricity) could signal the onset of
physiological stress before subjective symptoms become explicit. VR
systems could potentially leverage this information to proactively ad-
just motion, field-of-view, or other factors related to sickness, thereby
mitigating discomfort.

7. Conclusions and future work

In this work, we introduce a thorough study of gaze behavior under
different cognitive load levels induced by multisensory tasks in immer-
sive environments. We extend a previously existing dataset and perform
several studies correlating gaze, cognitive load, and physiological mark-
ers. We found changes in gaze markers likely correlated to a gaze
stabilization strategy compatible with a less exploratory visual behavior
in highly cognitive-demanding scenarios, and also found correlations
between some gaze markers and physiological signals. We believe this
can help establish some gaze markers’ ability to discern rapid variations
in cognitive load.

Many interesting future avenues remain open. For instance, there is
room for exploring many other gaze markers, such as blinks, smooth
pursuits, vestibulo-ocular reflexes, or microsaccades, among others.
Some of them are thought to be good CL indicators, yet eye-tracker
frequencies (usually under 200 Hz) and noise (usually ~1-2° of visual
angle) hinder computing them. Similarly, exploring additional levels of
cognitive load, either induced visually or by multisensory competition,
could extend our insights and provide an even more generalizable
baseline for CL assessment. A natural next step following our offline
statistical study would be the potential predictive modeling of CL in
VR through the use of gaze markers: if gaze markers are obtainable at
a good frequency and with enough accuracy, developing lightweight
models for CL prediction (which would enable many of the previ-
ously discussed applications) would benefit real-time adaptation of
VR experiences. To this end, increasing diversity in participant pools
and running additional experiments — therefore increasing the data
available for such models — would enhance model generalizability and
robustness. Overall, we believe that our work will foster the develop-
ment and refinement of such models, enabling dynamically responsive
VR experiences that can account for the cognitive state of each user
individually.
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