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Figure 1: Left: Saliency maps for the visual search experiment from Pina et al. [5], for the 90◦ and 360◦ search area, with their
corresponding radial plots as insets. Both correspond to conditions of low cognitive load. Right: Saccade median amplitude and
eye eccentricity, averaged for all users per experimental condition (i.e., low and high cognitive load for 90◦ and 360◦ search areas).
Our analyses suggest a change in gaze when exploring larger regions and when a higher cognitive level is present (see Table 1).

ABSTRACT

Understanding human visual attention is a cornerstone for creat-
ing engaging experiences. This task remains far from trivial, espe-
cially within immersive environments where users perform multiple
multisensory tasks under varying levels of cognitive load. In this
work, we analyze gaze data from users performing a multisensory
visual search experiment in VR, focusing on the differences in vi-
sual behavior across various cognitive load levels and search areas.
Results suggest a gaze stabilization strategy translated into signif-
icantly smaller saccades and eye eccentricity, which may relate to
sensorimotor economy.
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1 INTRODUCTION

Cognitive load (CL) refers to the mental resources allocated to per-
form a task, a concept rooted in Sweller’s foundational work [7].
Classical literature has investigated how CL influences behavior
by manipulating task difficulty or adding secondary tasks, and by
measuring its effects in physiological responses or reaction times.
However, these studies have predominantly relied on traditional,
desktop-based setups, which do not reflect the complex demands of
fully immersive environments.

Virtual reality (VR) offers a significantly different environment:
Wide fields of view with context in the 360◦ around the user and
complete user control of the camera create conditions where visual
attention becomes both less restricted and more representative of
real-world situations. In these immersive environments, users can-
not perceive the whole environment at a glance, and thus heavily
rely on coordinated eye and head movements to guide attention.
When multisensory tasks are introduced, these attentional demands
may compete for limited cognitive resources.

In this work, we study how cognitive load, induced by multisen-
sory inputs, and different search areas affect gaze behavior within
immersive VR. We leverage the dataset collected during the experi-
ment by Pina et al. [5], who captured several physiological markers,
objective and subjective metrics, and eye-tracking data during a vi-
sual search task under two different cognitive load levels (low and
high) and within different search areas (90◦ and 360◦). We focus on
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such eye-tracking data, and aim to analyze whether differences in
gaze behavior arise within different cognitive load levels or search
areas, and whether those changes might relate to the performance
results reported in the original work.

Our results show significant differences (i) in most of the ana-
lyzed gaze metrics within different search areas, probably due to
the head rotations allowed in the 360◦ case, and (ii) in two met-
rics for different cognitive load levels (saccade amplitude and eye
eccentricity), both of them being smaller for high cognitive load
cases. These results suggest a gaze stabilization strategy, which is
consistent with the sensorimotor economy that has been reported in
attention research [4].

2 DATASET AND DATA PROCESSING

In this work, we resort to the dataset collected by Pina et al. [5].
The data were collected during an experiment in which users were
instructed to perform a visual search task during four different con-
ditions, resulting from the combination of two factors: low or high
cognitive load (LCL and HCL, respectively), and smaller (90◦) or
larger (360◦) search areas (SA). High CL segments included addi-
tional auditory multitasking. Within the 90◦ search area condition,
all items fit within the user’s field of view. In contrast, in the 360◦
search area condition, objects were located across the entire room,
and thus participants had to perform rotations. The entire experi-
mental procedure was conducted using the Varjo-XR4 headset, and
was completed by 35 participants (12 of them identified as female).

The dataset contains physiological markers (such as electrocar-
diogram or photoplethysmography, among others), objective per-
formance metrics, subjective questionnaires, and eye-tracking data.
In this work, we focus on the latter. The eye-tracking data were
captured with the built-in eye-tracker from the headset, and include
position and rotation of the headset, interpupillary distance, focus
distance, and stability; and gaze direction, pupil and iris dilation,
and eye openness for both eyes, together with an additional gaze di-
rection that combines both eyes (i.e., Cyclopean eye). We take the
latter and first compute the gaze UV coordinates for every frame by
casting a ray (i.e., the gaze direction projected from the position and
rotation of the headset) and then compute gaze velocity. With that,
we compute a classification of eye-tracking data using a Velocity-
Threshold Identification (I-VT) algorithm [1] (velocity threshold of
700◦/sec. and thresholding of 75% of eye openness), and focus on
fixations and saccades for our posterior analyses, as they have been
reported to be good behavioral correlates [3, 8].



3 DATA ANALYSIS

Following previous approaches [6], we first compute saliency maps
for each experimental condition (i.e., each search area, SA; and
each cognitive load level, CL) by convolving discrete fixation maps
with a Gaussian kernel with σ = 1◦, the estimated size of the human
fovea. Fig. 1 shows the maps corresponding to low CL conditions
for both SA, together with radial plots also computed from gaze
longitude. The saliency map for the 90◦ SA illustrates how attention
is sharply focused on the items to be found during the experiment,
while the saliency map for the 360◦ SA shows a blurrier distribu-
tion, mostly due to users being required to rotate around the virtual
room to find objects constantly. To analyze whether such distribu-
tions vary for both cognitive load levels within the same SA, we
resort to Pearson’s correlation (CC, 1 for perfect and −1 for inverse
correlations) and Kullback-Leibler divergence (KLD, which mea-
sures divergence between two distributions, i.e., the lower the bet-
ter). Our results (CC90◦ = 0.861±0.058, CC360◦ = 0.885±0.060;
KLD90◦ = 0.420± 0.240, KLD360◦ = 0.352± 0.219) suggest that
there are no prominent variations in gaze distributions between low
and high cognitive load levels within the same SA.

Since saliency distributions do not show significant differences,
we focus on analyzing whether low-level gaze metrics differ based
on the level of cognitive load. Inspired by Malpica et al. [3], we
focus on dwell time (total time that a user is fixating during a con-
dition), eye eccentricity (the average angular difference between
the gaze point and the viewport center), head orientation entropy
(Shannon entropy of the orientation of the head), the number and
duration of fixations, and the number, duration, and amplitude (i.e.,
the angle the gaze describes between fixations) of saccades.

We first analyzed whether our data follows a normal distribu-
tion. A Shapiro-Wilk test shows that more than half of our metrics
do not follow a normal distribution (p≤ 0.05). Since we are dealing
with nonparametric data and multiple factors, we apply the Aligned
Rank Transform (ART) for non-parametric factorial ANOVA [2, 9],
which adds a preprocessing step after which common ANOVA pro-
cedures can be used. In our case, for every ANOVA model, each
studied metric is the dependent variable, SA and CL are fixed fac-
tors, and users are included as random effects. Our results (Tab. 1)
show that seven of the eight metrics are significantly different be-
tween search areas: For 360◦ settings, there are more gaze events.
Fixations are shorter in duration (half the time in 360◦), and sac-
cades, while of equal duration, are wider. All of this highlights how
participants had to scan larger areas and devoted less time focusing
on each object until finding the required one.

The effect of cognitive load on gaze is less prominent. Our re-
sults show a significant effect on saccade amplitude and eye eccen-
tricity. Both decrease during high CL segments with respect to low
CL ones. The distribution of both metrics for each CL level and
SA can be seen in the violin plots of Fig. 1. This suggests that the
presence of an auditory secondary task does not directly affect the
number of gaze events but rather the distance between them. A de-
crease in the saccade amplitude suggests that less space is scanned
with each saccade, which aligns with the original work’s report of
fewer items found along the high CL runs [5]. We hypothesize that,
since the auditory task is absorbing some cognitive resources, par-
ticipants are not able to visually scan the scene so rapidly. The de-
crease in eye eccentricity aligns with this too, since higher cognitive
demands reduce the resources available for visual exploration, ul-
timately resulting in narrower oculomotor behavior. Overall, these
results seem to indicate that under high CL, participants appear to
stabilize gaze by aligning eyes more closely with head direction and
reducing saccade amplitude, a strategy consistent with the sensori-
motor economy already known in attention research [4].

Metric p-value ES - Partial η2

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

Table 1: Results from the Aligned Rank Transform (ART) for non-
parametric factorial ANOVA for different gaze metrics for different
search area (SA) and cognitive load (CL) levels. Significant differ-
ences are boldfaced, and effect sizes (partial η2) are included for
each of them. Search area strongly influences gaze behavior.

4 CONCLUSION AND FUTURE WORK

In this work, we have analyzed gaze behavior within multisensory
multitasking in VR. We have found a strong effect of the search
area, as well as an apparent gaze stabilization strategy, which is vis-
ible in smaller saccade amplitudes and a smaller eye eccentricity.
These results could partially explain the decrease in performance
in the original experiment with higher CL levels. Many future av-
enues remain open: Studying more diverse gaze features (such as
blinks or pupil dilation) could help better understand the impact of
cognitive load and search area, and extending these relationships to
the physiological signals from the dataset would also allow a better
understanding of the correlation between gaze and other biological
markers. Finally, utilizing this knowledge to inform real-time appli-
cations to adjust difficulty and increase performance in demanding
scenarios remains an interesting avenue.
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