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ABSTRACT Hand-tracking failures significantly affect user performance and experience in VR, and thus,
minimizing the negative effects of such failures remains a critical area of research. Although prior research
introduced early-warning feedback systems to mitigate hand-tracking failures, it remains unclear why and
how such feedback enhances user performance and reduces frustration. To address this gap, we investigated
user gaze behaviors within a visual early-warning feedback system across three common hand-tracking
failure scenarios: Low-Intensity Light Level, Out-of-Vision Hands, and Self-Occlusion. Our findings
indicate that user attention toward feedback notifications varies depending on the type of simulated tracking
failure. Moreover, providing early-warning feedback did not disrupt users’ attention to their primary tasks.
Instead, users maintained their focus on object placement, resulting in fewer placement errors during pick-
and-place tasks. These results contribute to a deeper understanding of early-warning visual feedback systems
and provide valuable insights for designing feedback mechanisms that effectively improve performance
without creating distractions in VR interactions.

INDEX TERMS Early warning, feedback, hand tracking, hand tracking failures, virtual reality.

I. INTRODUCTION
Hand interactions in Virtual Reality (VR) have gained
widespread popularity because they enable users to interact
intuitively and naturally with virtual objects and immer-
sive environments [34]. Unlike traditional controller-based
interactions, hand interactions provide a more direct and
realistic experience, which significantly enhances precision-
demanding tasks, such as carefully positioning and rotating
virtual surgical instruments or assembling complex virtual
components [39]. For instance, surgeons in VR can intu-
itively grasp and manipulate tools, replicating real-world
movements closely and thus reducing cognitive overload
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that arises when translating physical actions into virtual
movements [21], [22], [23]. Consequently, these natural
interactions not only foster increased user engagement but
also improve overall task efficiency by reducing cognitive
load [33].

To be able to translate users’ hand movements to a
virtual environment, current low-cost VR head mounted
display (HMD) systems use hand tracking systems. These
systems can include depth sensors (e.g., [62]), trackers
(e.g., [63]), RGB cameras (e.g., [64]), hand-tracking algo-
rithms (e.g., [65]), and image processing (e.g., [66]). The
main purpose of such a hand tracking system is to accurately
map real-world hand movements to the virtual world. Yet,
existing VR hand-tracking technologies still face various
technical challenges that can compromise their effectiveness.
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Common issues include poor lighting conditions that disrupt
camera-based tracking, hand occlusions when fingers overlap
or block the view of each other, or situations in which
users inadvertently move their hands beyond the tracking
area of the headset’s cameras [22], [24], [25]. For example,
during a complex virtual assembly task, a user’s hand might
momentarily go out of the headset’s camera view, causing
immediate tracking inaccuracies, such as erroneous hand
position. Such scenarios frequently result in unsuccessful
task completion and increased frustration, as users need to
repeatedly correct their errors.

To mitigate these detrimental effects, recent research
has explored the implementation of early-warning feedback
systems [32], [35]. These systems provide notifications just
before a hand tracking failure occurs, offering users the
opportunity to adjust their hand positions or movements
or prepare themselves for a critical hand tracking error.
Typically, this feedback consists of subtle yet noticeable
visual cues, such as notifications appearing within the user’s
peripheral vision [11], [32], [35]. For instance, if a user’s
hand approaches a known occlusion area, a visual notification
might appear as an alert in the scene to prevent imminent
tracking failure [35].

Previous studies demonstrated that such early-warning
feedback significantly improves usability, user satisfaction,
and task efficiency while reducing cognitive load [32], [35].
However, these prior works mainly evaluated task outcomes,
such as completion time or accuracy, without exploring why
these systems effectively reduce cognitive load and improve
usability. Understanding the underlying mechanisms might
help designers create feedback systems that align better with
human cognitive processing and make it easier to generalize
findings to other VR contexts and tasks.

Therefore, this study shifts the focus from performance
outcomes to the behavioral dynamics of gaze and attention
when early-warning feedback is presented, and aims to
fill that gap by examining how early-warning feedback
affects users’ visual attention and gaze behaviors during
VR interactions. Specifically, we aim to investigate whether
participants notice and respond to the early-warning visual
feedback, how their visual attention shifts between the
feedback and the task, and whether the feedback introduces
any unintended distractions. To our knowledge, none of the
attentional or (gaze) behavioral evaluation metrics have been
previously examined in the context of early-warning visual
feedback for VR hand tracking failures.

To investigate the gaze movement of the users when
early-warning feedback is shown, we replicated the previous
work [3] and designed a simple pick-and-place task where
the participants had to place objects in the correct space in
the task environment. While the participants performed the
experiment, we collected their gaze data and investigated how
their gaze moved during the task. Our contributions are:

• We showed that early-warning feedback reduces hand-
tracking errors without disrupting user focus or task

time, which might contribute to reduced cognitive
workload

• We identified how attention to feedback varies by
tracking error type, informing effective feedback design.

• We demonstrated that repeated feedback exposure leads
to habituation, which might be used for future feedback
system improvements.

These insights collectively contribute to a deeper under-
standing of how visual feedback systems influence user
performance and attentional behaviors in early warning sys-
tems in VR, guiding future designs of feedback mechanisms
to enhance user experience without introducing unintended
distractions.

II. RELATED WORK
A. VISUAL NOTIFICATION AS FEEDBACK
Visual notifications in VR serve as crucial feedback
mechanisms that increase user experience by providing
timely information without breaking immersion [52]. These
notifications can be designed using different metaphors and
strategically placed to reduce distraction while maximizing
effectiveness [55]. Their integration into VR environments is
essential for maintaining user awareness of both the virtual
and physical surroundings, thereby improving safety and task
performance [53].

By keeping users informed of real-world events—such
as incoming calls or obstacles in their physical space—
visual notifications can prevent accidents and promote
seamless interaction [55]. Additionally, they offer contextual
feedback that helps users better understand their environment,
enhancing decision-making and task execution [67].

Research shows that the placement and design of visual
notifications significantly influence user response times and
perceived intrusiveness, both of which impact overall task
performance [53]. For example, effective visual feedback has
been found to improve hand movement accuracy in confined
and occluded spaces, highlighting its role in facilitating more
precise interactions with virtual objects [54].

Previous work on early-warning systems in virtual envi-
ronments employed visual notifications as a feedback mech-
anism, presenting warnings as visual pop-ups [35]. These
notifications were triggered before hand tracking failures
occurred, enabling participants to anticipate and respond to
potential failures. In this paper, we adopt a similar approach
by implementing visual notifications as feedback to replicate
and build upon the findings of prior research [35].

B. USING GAZE AS AN INPUT AND OUTPUT CHANNEL
Gaze-aware feedback systems have been an important
research area within HCI and the XR community. Most
of this work treats gaze as an input modality, i.e., using
eye-tracking data to identify user attention or intent and
trigger system adaptations, such as including UI person-
alization (e.g., dynamic re-arrangement of elements [69]),
attention guidance [72], combining with gesture to control
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a system (e.g., [70]) and gaze-only interaction to support
accessibility and hands-free control [74]. These systems
aim to enhance efficiency, reduce cognitive overhead, and
increase adaptability by responding dynamically to the user’s
point of focus.

In contrast to using gaze as an input channel, our work
shifts the role of gaze from input to output, which is
also frequently studied in HCI, e.g., [67] and [71]. Many
gaze-based workload studies involve static or observational
tasks, rather than dynamic, error-prone manipulation tasks
that requiremoment-to-moment correction. Rather than using
gaze to control the interface, here, we use it to investigate how
users respond to visual early-warning feedback. Prior work
on early-warning feedback [32], [35] has shown performance
and usability improvements through early warning visual
feedback, while other research has used gaze to estimate
workload or attention [43], [51]. Yet, to the best of our
knowledge, none of the studies combine early-warning
visual feedback with gaze behavior analysis in a controlled,
interactive VR task.

C. MEASURING ATTENTION FROM GAZE
The measurement of attention in VR environments has
emerged as a critical area of research, leveraging gaze track-
ing to understand cognitive processes. Previous literature
used the gaze information to measure user attention [4],
[5], [16], [30], [31]. Movement of the eyes reveals which
visual elements users pay attention to, how long time engage
with them, or which other directions they focus on [12].
Saccades and Fixations are well known concepts in eye-
tracking systems [16].

Fixation is the relatively stationary behaviour of the gaze
direction [5], [13]. While the fixation duration provides infor-
mation about a specific area’s content or complexity [12],
the sum of fixation durations can be used to determine the
allocation of attention across multiple targets [5]. A longer
fixation duration may indicate difficulty in information
extraction [15]. Moreover, if a gaze falls on an area of
interest prior to a possible event, it can be an indicator of
anticipation [14].
Besides fixations, saccades are rapid eye movements

that occur between fixations [5]. Even though Saccades
are related to searching a sequence of particular areas of
interest, in the context of visual attention- and this paper-,
saccadic metrics are not as relevant as fixations due to visual
information not being processed [16].

Separately, gaze metrics have been used to infer user
cognitive workload or attention in immersive tasks [43],
[45]. Studies show that metrics such as fixation duration,
frequency, and saccade patterns correlate with mental effort,
particularly under varying task complexity. For exam-
ple, [43] used fixation density to approximate workload
across interface types. However, such studies rarely include
system-generated visual cues or explore dynamic interaction
tasks where error anticipation and correction play a role.

D. WARNING SYSTEMS FOR ERRORS
Hand tracking performance in VR systems is affected by
errors [27], [28], [29]. There are various error detection
approaches and corresponding correction systems to reduce
errors and improve performance. Sendhilnathan et al. [8]
showed gaze dynamics can effectively distinguish between
accurately recognized inputs, input recognition errors, and
user errors across different tasks. In another example, the
error-related potential (ErrP) detection ability of EEG signals
was explored by Wimmer et al. [9]. While auditory feedback
has been found to reduce error rates without affecting task
time [10], it is possible to predict hand movements to
detect erroneous actions to show feedback [11]. However,
all these studies focus on increasing user performance
after the errors happened. Moreover, these error feedback
mechanisms are mostly related to errors related to the task
itself to prevent confusion and unconscious errors during task
execution. (Most) gaze-based feedback systems are designed
for adaptive interface control or attention monitoring (e.g.,
for redirecting focus or modifying display content), whereas
our focus is on understanding attentional responses to early-
warning cues, not using gaze as an input modality.

However, early-warning feedback systems warns users
before the tracking failure happens. Moreover, it is not
designed as a preemptive method, i.e., it does not force users
to change their behavior or movement to avoid hand tracking
failures.

III. MOTIVATION AND RESEARCH QUESTIONS
Recent studies have demonstrated that early-warning feed-
back can effectively reduce negative impacts of hand-tracking
failures by alerting users just before errors occur, thus
providing a critical opportunity for users to mentally prepare
and adjust their movements [32], [35]. However, prior
research has mainly focused on evaluating performance
outcomes—such as task completion time and accuracy—
without exploring the underlying mechanisms responsible
for these improvements, particularly how such feedback
influences visual attention and gaze behaviors.

Gaze behavior is closely linked to cognitive load, providing
insights into how users allocate attention and process visual
information [47], [48]. When users engage in tasks that
impose high cognitive demands, their gaze patterns typically
become more erratic, featuring frequent gaze shifts and
shorter fixation durations [49], [50]. Such rapid shifts in
visual attention often indicate active, effortful cognitive
processing. For instance, longer fixation durations generally
reflect deeper cognitive engagement with specific visual
elements, whereas shorter, frequent fixations may signal
confusion or inefficiency due to information overload [51].

By analyzing gaze movements during the activation of
early-warning feedback, we can explore precisely how and
why such feedback may help reduce users’ cognitive load.
Understanding these gaze behaviors can clarify whether the
feedback allows users to allocate attention more efficiently,
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minimizing unnecessary visual search and reducing overall
cognitive effort. While previous studies have explored early
visual warning systems (e.g., [32], [35]) and gaze-based
workload estimation in immersive environments (e.g., [43],
[48]), to our knowledge, no prior work combines these two
perspectives in a single, controlled experimental framework
focused on hand-tracking failures in VR.

Therefore, this study is motivated by the need to investigate
the attentional and cognitive mechanisms behind the effec-
tiveness of early-warning systems. By exploring the relation-
ship between early-warning feedback, gaze dynamics, and
cognitive load, we aim to inform the design of more intuitive,
less cognitively demanding VR notification systems. Thus,
in this paper, we investigated the following research questions
(RQs):

(RQ1) How do users’ gaze movements change when
early-warning visual feedback systems are activated? (RQ2)
In which context do early-warning systems help reduce users’
cognitive load?

IV. METHODOLOGY
A. PARTICIPANTS
We recruited 12 participants (6 Female and 6 Male) from a
local university with ages ranging between 21 and 31 (M =

24.75, SD = 3.10). This study was approved by Concordia
University Human Research Ethics Committee, with certifi-
cation number of 30019273. All participants had normal or
corrected-to-normal vision. One participant reported no VR
HMD experience, three reported having used VR 1-3 times,
and eight reported more than 5 times. We asked participants
how familiar they were with hand interactions in VR.

B. APPARATUS
The user study was carried out on a desktop PC equipped with
an Intel(R) i7-12700F processor running at 2.1GHz, 16GB of
RAM, and an NVIDIA GeForce RTX 3060 Ti graphics card.
For the VR HMD, we used the Meta Quest Pro, which has
an eye tracker with an average accuracy of 1.652◦, as well
as a precision of 0.699◦ (standard deviation) and 0.849◦ (root
mean square) for a visual field spanning 15◦ [17]. There were
also two 2D 27’’monitors attached to the computer where
the experimenter could observe the participants’ movements.
The 3D models for the virtual environments were created in
Blender 4.0, while user interface components were designed
using Figma. The VR application was developed in Unity
2022.3.34f1, with the Meta XR All-In-One SDK 66.0.0.

C. PICK AND PLACE TASK
The experiment involves a pick-and-place sorting task where
participants are instructed to sort and organize virtual objects
according to their colors and shapes. This task was also used
in the previous work to investigate the efficiency of the early-
warning systems [35]. The previous work chose this task to
ensure participants could focus on the experience rather than
the task mechanics.

FIGURE 1. (a) Task environment. Objects are initialized to the left. Their
designated target areas are located at the right and color-coded by
category. A counter shows the number of object placements remaining
and the error rate for each category. (b) A red outline appears around an
object when the user grabs it. (c) Task objects. From left to right: sphere,
cube, square-base pyramid, and plus-sign.

The pick-and-place task requires participants to pick
objects from a platform on their left and place them onto a
specific zone matching their shape-and-color on a platform
on their right as shown in Fig. 1(a). We also placed a
scoreboard as a user interface that displays the number of
remaining objects. A total of 16 objects are used in the task:
4 spheres, 4 plus signs, 4 cubes, and 4 square-base pyramids
(Fig. 1(c)). Even though we did not have any color-blind
participants, we selected colors accessible to color-blind
users for this study.

Upon grabbing an object, a red outline appears around the
object (Fig. 1(b)), accompanied by a sound cue, signaling
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FIGURE 2. Visualization of the virtual environment and the three
simulated hand-tracking errors: (a) Low-Intensity Light; (b) Out of Vision
Hands – virtual walls requiring hand movements outside the headset’s
camera field of view; (c) Self-Occlusion – where one hand obstructs the
tracking of the other.

the start of the task. Participants then placed the object in
its corresponding target area on the right platform. If the
object is placed correctly, a success sound is triggered, and
the counters for both manipulated and remaining objects are
updated. No feedback is provided for incorrect placements.
Participants had to correct their wrong placements by moving
the object to the appropriate target area.

D. HAND-TRACKING ERRORS
As in previous work [35], we designed three different hand
tracking error conditions.

1) LOW INTENSITY LIGHT
In the Low-Intensity Light condition, we changed the lighting
conditions of the experiment room using a Wizard-of-Oz

method.We performed the experiments in a roomwithout any
daylight so we could control the light conditions.

In this condition, the experimenter dimmed the lights in
the room according to prompts displayed on a computer
screen. A Unity script guided the procedure by displaying
a countdown that indicated when to turn the lights on
and off. The experimenter followed these prompts and
dimmed the room lighting accordingly. To prepare for
each simulated tracking failure, the system signaled the
experimenter 6 seconds in advance. During this time, the
experimenter began dimming the lights, and visual feedback
was simultaneously presented to the participant for 3 seconds
after the countdown started (Fig. 2(a)). By the end of the 6-
second window, the room was completely dark, triggering
a deliberate tracking failure. The lights remained off for
2 seconds, after which the experimenter immediately turned
them on. To prevent participants from anticipating the timing
of these simulated errors, the algorithm randomized the
initiation of each lighting event throughout the user study.

2) OUT OF VISION HANDS
For the Out-of-Vision Hands condition, we designed a
virtual environment that included an opaque wall surrounding
the platform on the right side. These walls blocked the
participants’ direct line of sight to the interior of the platform,
requiring them to lift their hands above the wall to correctly
place the objects. Additionally, we placed a 2D screen
between the two platforms, which displayed a top-down view
of the right platform. This setup forced participants to rely on
indirect vision—– they had to look at the screen to accurately
position the object on the target.

Because the VR HMD’s hand-tracking system relies on
cameras embedded in the headset, its vertical FoV is limited
and shifted relative to the user’s perspective. As participants
lifted their hands above the level of the opaque wall to
perform the task, their hands frequently moved outside the
tracking FoV, as shown in Fig. 2(b). This caused hand-
tracking failures. To correctly place the object with hand
tracking, the participant had to move their hand and move
their head slowly forward.

To predict and warn users before a hand-tracking failure
occurred, the system continuously tracked three metrics:
Forward Angle, Right Angle, and Relative Position-Y. These
were calculated based on the vector distance between the
user’s eyes and their hands. Specifically, the Forward Angle
was computed using the equation shown in Eq. (1), where
−→
A represents the vector from the eyes to the hand, and

−→
B

denotes the forward-facing direction of the user’s gaze.

angle = arccos (
(
−→
A ·

−→
B )

(∥
−→
A ∥ ∗ ∥

−→
B ∥)

) (1)

The same formula shown in Eq. (1) was also applied
to compute the Right Angle, where

−→
A represented the

vector from the eyes to the hand, and
−→
B corresponded

to the rightward direction of the user’s gaze. For Relative
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Position-Y, we used the Y-axis component of the hand’s
distance vector. This approach allowed us to account for
differences in participants’ arm lengths, ensuring more
consistent detection across users.

A warning was triggered under two predefined conditions:

• When Relative Position-Y was 17 cm or higher, and
either the Forward Angle or Right Angle exceeded
0.7 degrees.

• WhenRelative Position-Ywas 0 cm or higher, and either
angle exceeded 0.6 degrees.

The first condition was designed to detect when users
raised their hands above head level, while the second targeted
hand movements occurring in the upper-ipsilateral region.

3) SELF OCCLUSION
In the Self-Occlusion condition, participants were asked to
hold their non-dominant hand in front of their face. A visual
cue labeled ‘‘Hold this hand in front of your face’’ was
displayed on the hand itself to guide placement (see Fig. 2(c)).
This positioning caused the dominant hand to move behind
the non-dominant one, resulting in reduced hand-tracking
quality. When the participants moved behind their right hand
behind their left hand, the hand tracking system failed.

In this experiment, we build upon previous work [35] by
focusing on gaze behavior analysis during the same pick-
and-place sorting task under the simulated hand-tracking
error conditions. Specifically, we aim to investigate how
participants’ visual attention shifts when interacting with
virtual objects and attempting to correct hand-tracking errors,
especially after the early-warning feedback is displayed.

E. EXPERIMENTAL DESIGN
We designed a two-factor within-subjects study with 3
Simulated error conditions (3SE : Low Intensity Light, Out
of Vision Hands, and Self-Occlusion) and 2 Visual Feedback
conditions (2VF : ON and OFF). Combining these factors
resulted in (3SE X2VF = 6EC ) 6 experiment conditions.
Using G*Power software [20], with a significance criterion

of α =.05 and power =.80, we calculated the minimum
sample size needed with large effect size (η2 = 0.14) as N =
12 for RM ANOVA. Eventually, we recruited 12 participants
for the study and counterbalanced the order of conditions
using a Latin Square design to eliminate any potential bias
effects.

Each participant completed all conditions three times
(6EC X 3repetitions = 18trials), resulting a total of 18trialsX
12participants = 216 data points.

F. PROCEDURE
Upon arrival, participants were first asked to provide
their consent and complete a pre-experiment questionnaire
regarding their demographic information. The participants
were then instructed to wear the headset and the eye tracking
was calibrated for each participant.

Before starting the experiment, participants were given a
training session to familiarize themselves with the virtual
environment, tasks, and the three simulated hand-tracking
errors. During the training phase, we did not record any
data. The training session took around 5 minutes and
once participants were comfortable with the system, the
experiment began. The participants performed the pick-and-
place sorting task with 6 different experiment conditions. The
experiment took approximately 25 minutes.

G. MEASUREMENT OF FIXATION AND SACCADES
To capture the Fixations and Saccades, we classified each
object in the virtual environment under Feedback, TaskUI,
Hand, Target, Object, Object UI, and Environment.

• Feedback represents the visual notifications that appear
in the scene, which are placed between two platforms.

• TaskUI represents the UI element showing the remain-
ing objects in the task, which is placed behind the
platfroms.

• Hand represents the virtual hand avatar of the partici-
pants.

• Target represents the target areawhere participantsmust
drop off for each manipulated object class.

• Object represents the 4 manipulated objects: Squares,
Spheres, Square-Based Pyramids, and Plus Signs.

• ObjectUI represents 4 objects’ counters, which are
placed on the UI behind the platform.

• Environment represents the rest of the virtual objects,
such as the wall behind table.

After grouping every object in the virtual environment,
we used the Raycasting method to determine which objects
the participant looked at. However, due to eye tremors,
microsaccades, and noise, filtering must be applied to capture
Fixation and Saccades correctly [50]. Thus, we first applied a
One-Euro Filter [3] with a 120 Hz frequency that is selected
by conducting a pilot study, to the simulated eyes’ rotation to
reduce jittery movement, then calculated the average position
and direction of the eyes and cast a ray from the eye position
to the eye forward direction.

We implemented an IDT (Dispersion-Threshold Identifi-
cation) [6], [7] approach to capture Fixations and Saccades.
During the ray casting, we recorded a fixation if the
participant looked at the same object for more than 250 ms,
and if the participant looked at an object less than 250 ms and
more than 20 ms, we recorded it as a Saccade. These Fixation
and Saccade thresholds were selected according to the ranges
defined by Poole and Ball [5].

H. EVALUATION METRICS
1) PERFORMANCE
As in previous work on early-warning systems [35],
we recorded two dependent variables. Task Time represents
the time between acquiring the first object and the correct
placement of the last object. The other metric, Wrong
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FIGURE 3. (a) The mean task time for each feedback condition, (b) the
mean number of wrong placements.

Placements, is the number of attempts when the participant
puts the object into the wrong target area.

2) FIXATION-BASED
We used Fixation-Based metrics to measure user attention,
Number of Fixation was used and calculated by dividing
the number of fixations by the number of feedback spawns
in that condition to normalize the metric. The Fixation
Duration is the time between the start and end of the fixation.
Additionally, Time to First Fixation is the start time of the
first fixation within a feedback period. We also calculated
the Attention Percentage, which has a similar concept to
Faleel et al. [4], that is, the ratio of the fixation duration of
an object class to the sum of fixation durations of all object
classes. We used the Attention Percentage to observe the user
attention distribution of object classes.

3) SACCADE-BASED
We recorded Saccade-Based metrics for further data analysis
regarding particiapants’ attention. The first metric was the
Saccade Duration, which is the time between the start and
end of the saccade. Another metric was the Time to First
Saccade, which was similar to the Time to First Fixation, but
this time, we used saccade instead of fixation.

V. RESULTS
The data were analyzed using SPSS 24. We considered the
data to be distributed if Skewness (S) and Kurtosis (K) were
within ±1 [1], [2]. If not, we performed a log-transform
to yield a normal distribution. We first evaluated the
performance metrics and then proceeded with the assessment
of the gaze data.

A. PERFORMANCE RESULTS
Fig. 3(a) shows the average time spent to finish the task for
the two feedback conditions, while Fig.3 (b) shows the mean
number of wrong placements for the feedback conditions.

Data for the task time had a normal distribution (S=0.695,
K=0.661). RM ANOVA showed no significant difference
in the task completion time between the two feedback
conditions (F (1,35) = 0.25, p = 0.876, η2 = 0.001). This
means that the feedback did not have an effect on the time
the participants took to finish the task (Fig. 3(a)).
Data for the number of wrong placements did not have a

normal distribution after log-transform, so we performed an

FIGURE 4. The comparison of (a) Number of Fixations, (b) Fixation
Duration, and (c) Time to First Fixation for each simulated error. We found
significant differences in the Number of Fixations between all simulated
errors.

ART [26]. We found a significant difference in the number
of wrong placements between the feedback conditions (F
(1,35) = 14.674, p < 0.001, η2 = 0.295). This significant
difference shows that the early-warning feedback decreases
the number of wrong placements (Fig. 3 (b)).

B. GAZE RESULTS
Data for Number of Fixations (S = 0.543, K = −0.844)
and Time to First Fixation (S = 0.5, K = −1) and the
were normally distributed. Fixation Duration (S = 0.83,
K = −0.15) was normally distributed after log-transform.
We found a significant difference in the Number of

Fixations (F (2,70) = 32.127, p < 0.001, η2 = 0.479) as
shown in Fig. 4(a). The number of fixations on Low Intensity
Light Level was significantly more than Out of Vision Hands
(M= 0.669, SE= 0.085, p< 0.001) and Self Occlusion (M=

0.213, SE = 0.096, p < 0.05).
Moreover, the Number of Fixations for Self Occlusion

Feedback was significantly higher than the Out of Vision
Hands Feedback (M = 0.456, SE = 0.073, p < 0.001).
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FIGURE 5. (a) The change in the number of fixations with successive
feedback repetitions. Black dots represent data points, which are the
number of fixations at a particular feedback repetition. (b) Attention
Percentages between Feedback ON and OFF conditions. Each color
represents a different class of objects.

We found participants fixated the least on the Out of Vision
Hands Feedback. Moreover, we did not observe significant
differences between simulated errors for Fixation Duration,
shown in Fig. 4(b), and Time to First Fixation, shown in
Fig. 4(c).

We also visualized participants’ gaze data by calculating
time periods of feedback, fixations, and saccades to better
understand the cognitive change. An example gaze data visu-
alization is provided in Fig. 6. In this analysis, we observed
a decrease in the number of fixations as the condition
repetition increased. Due to this pattern, we ordered each
feedback in a single run and called it Feedback Repetition.
The Fig. 5(a) demonstrates that the number of fixations is
reduced with increasing feedback repetitions. Initially, the
number of fixations was high, but it gradually declined and
leveled off after around the 10th or 11th repetition, following
an exponential function pattern (y = x0e−λx , R2 = 0.961, and
AIC= 25.27 ) as shown in Fig. 5 (a).Moreover, we calculated
the Attention Percentage by dividing fixation durations for
each object class by total fixation durations and compared
them between Feedback ON and OFF conditions as shown in
Fig. 5(b), and found a reduction in Attention Percentages by
the following amounts; %4 from Environment, and %4 from
Objects, leading to %8 Feedback Fixation Duration.

We also calculated the average Fixation and Saccade
on Feedback with Time to First Fixation/Saccade and

Fixation/Saccade Duration. For the average Fixation on
Feedback, we measured a Time to First Fixation of 2.695 s
with a Fixation Duration of 0.72 s, as shown in Fig. 7(a).
On the other hand, we found the average Time to First
Saccade was 2.45 s with a Saccade Duration of 0.105 s,
as shown in Fig. 7(b). We observed that the Time to First
Saccade is earlier than the Time to First Fixation on the
Feedback and has a shorter duration than Fixation.

VI. DISCUSSION
In this study, we investigated how early-warning visual
feedback for common hand-tracking failures—Out of Vision
Hands, Self-Occlusion, and Low-Intensity Light Level—
influences user attention and contributes to improved interac-
tion in VR environments. Our primary goal was to understand
not only whether these visual feedback systems reduce errors,
but also how they affect user attention and gaze behavior.

We developed a Fixation and Saccade recorder to capture
gaze data and conducted a user study with 12 partici-
pants, who performed a pick-and-place task under different
feedback conditions. The results confirmed previous find-
ings [32], [35], showing that early-warning feedback signif-
icantly reduced the number of hand-tracking errors, without
increasing task completion time. This supports the argument
that early-warning systems enhance task performance with-
out compromising efficiency or adding cognitive overload.

To understand the behavioral dynamics behind this
improvement, we analyzed gaze patterns across the three
error conditions and to answer our RQ1 How do users’
gazemovements changewhen early- warning visual feedback
systems are activated? Our findings revealed clear differences
in the number of fixations based on the type of error and the
corresponding feedback.

Among the three hand tracking failure conditions, the
Low-Intensity Light Level feedback received the highest
number of fixations, suggesting that it was the most
noticeable or attention-grabbing. In contrast, the Out of
Vision Hands feedback had the fewest fixations, indicating
that users either overlooked it more often or processed it
more quickly. According to prior work [18], a high number of
fixations generally reflects that a visual element is perceived
as more important or demanding.

We also observed a decrease in fixations over time with
repeated exposure to the same early-warning feedback,
as shown in Fig. 5(a). This suggests a possible habituation
effect, where users become familiar with the visual cue and
require less visual engagement to interpret it. While this may
lead to faster task execution, future research is needed to
determine the extent and implications of this exponential
decay in attention over longer sessions or more complex
tasks.

We also assessed the accuracy and timing of the sim-
ulated failure conditions. Our analysis showed that the
early-warning visual feedback system consistently triggered
before hand-tracking failures occurred, effectively function-
ing as a notification mechanism. Moreover, the system
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FIGURE 6. Gaze data visualization of one of the participants. We observed a reduction in fixations as the number of repetitions increased.

FIGURE 7. (a) Average Fixation on Feedback. The blue bar represents the
amount of time feedback was shown to the participant. The red bar
represents the fixation. It took 2.695 s for users to fixate on the feedback
on average, and once they fixated on it, the average fixation duration was
0.72 s. (b) Average Saccade on Feedback. The yellow bar represents the
saccade. The time to first saccade was 2.45 s, and the saccade duration
was 0.105 s on average.

occasionally issued feedback in response to potential tracking
failures that did not result in hand tracking failures. This
design aligns with the goal of warning without restriction,
allowing users to maintain agency while still benefiting from
system guidance.

Importantly, users were free to ignore these early warnings
visual cues, and in some trials—particularly under Out-of-
Vision and Self-Occlusion conditions—participants chose to
continue their actions, which sometimes led to tracking loss.
Nevertheless, we observed an overall reduction in wrong

object placements in the feedback conditions, suggesting that
participants adjusted their hand posture when they noticed
a warning. These adaptations likely contributed to improved
tracking reliability.

In cases where the hand tracking failure could not be
avoided, such as under low-light conditions, the feedback
was still beneficial. Participants appeared to mentally prepare
for the loss of tracking. Observations by the experimenter
confirmed that users often paused their movement or assumed
a neutral position when feedback was triggered—signaling a
shift in behavior to accommodate anticipated failure.

Fixation duration can reflect the information content
or complexity of an area [12]. Additionally, difficulty on
information extraction or being a more engaging object can
result in longer fixation durations [19]. In terms of complexity
and information extraction, we can say the early warning
visual feedback for each simulated error is considered to be
the same, even though the positioning of the Out of Vision
Hands is different than the other two. Moreover, we found
that the Attention Percentage for Target and TaskUI stayed
the same after enabling the feedback, which indicates the user
attention on the task was not affected by the feedback.

This finding answers our first RQ1 and suggests
that the early warning visual feedback mechanism was
well-integrated into the interface, allowing users to seam-
lessly interpret the information without compromising their
primary focus. By keeping their attention percentages
consistent for the Target and TaskUI, users demonstrated that
the early warning visual feedback did not impose additional
cognitive load or distract from the core task. This potentially
explains the reduced cognitive load and higher usability score
results in early-warning feedback systems [32].

Under high cognitive load, users selectively direct their
visual attention toward task-relevant information, potentially
missing peripheral or secondary visual cues [36]. This
selective attention can explain why certain visual feedback
cues might be overlooked when cognitive demands are
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high [37]. As it can be seen in Fig. 6, Time to First
Saccade is shorter than the Time to First Fixation in average,
meaning that Saccades occurred earlier than the Fixations in
general. Short saccade duration is expected due to the nature
of the Saccades, which is 0.105 s for our feedback. The
shorter Time to First Saccade suggests that users promptly
directed their attention toward the feedback elements after
they appeared. This rapid response indicates that the feedback
cues were both noticeable and effective at capturing initial
attention [38]. Frequent gaze shifts or interruptions can
increase the cognitive load by causing users to mentally reset
their focus each time their attention is diverted. This relation-
ship suggests that notifications or feedback systems must be
carefully designed to minimize unnecessary gaze shifts.

In contrast, the longer Time to First Fixation highlights
the additional time required for users to stabilize their
gaze and process the visual information provided by the
visual feedback. Fixations represent the moments when users
actively focus and extract information, which inherently
takes longer than the swift redirection of gaze achieved by
saccades. This also answers our secondRQ2 In which context
do early-warning systems help reduce users’ cognitive load?

The thresholds used in this work were specifically tailored
to the task environment and the capabilities of the VR HMD.
For example, the values used to detect potential hand-tracking
failures — particularly in the out-of-vision condition —–
were designed based on the interaction area in our task.
These values were selected by considering the height of the
virtual box and how far participants needed to move their
hands upward, which in turn was constrained by the tracking
FoV of the headset. Because of this, the exact threshold
values we used may not directly apply to other VR systems.
For instance, a headset with a wider tracking FoV might
not trigger the same warning conditions and would require
recalibrated thresholds.

However, the main goal of this study was not to fine-tune
the system for a specific hardware configuration or task,
but rather to demonstrate the general effectiveness of early
warning visual feedback systems and explain the result of
previous work on early warning systems [35]. Future work
can adapt and refine these threshold values to suit different
HMDs or application scenarios, depending on the interaction
space and system limitations.

In this study, we did not include SUS (System Usability
Scale) and NASA-TLX (Task Load Index) measurements.
The decision was intentional. Previous work [32], [35]
has already consistently shown that early-warning visual
feedback reduces user frustration and improves task per-
formance — for example, by lowering the number of
incorrectly placed objects. Therefore, rather than replicating
those usability outcomes, our aim in this paper was to take
a step further and focus specifically on gaze movements
to better understand how and why usability and cognitive
load improve when early-warning feedback is provided. Yet,
we also acknowledge that the analyzed gaze metrics here are
indirect indicators of attentional allocation, which correlate

with cognitive effort in VR and HCI studies [59], [60],
[61], but we do not claim they offer conclusive evidence of
cognitive load in isolation.

Nonetheless, we did collect data on task errors, and the
reduction in the number of wrong placements in our results
aligns with previous findings [32], [35]. This further supports
that our implementation of early-warning visual feedback
is consistent in terms of performance outcomes, while also
providing new insights into user behavior through gaze data.

We conducted this study with 12 participants, and this
number was determined using G*Power analysis to ensure
that we could detect a high effect size with sufficient
statistical power. Since the goal of the study was to analyze
why early-warning feedback helps reduce cognitive load—
through gaze behavior, we prioritized collecting detailed,
high-quality gaze data over a large sample size. Once we
began to observe stable and consistent behavioral patterns
in the data, additional participants were not necessary.
Our results showed clear trends that allowed us to draw
meaningful conclusions about how early-warning feedback
supports attention management and reduces mental effort
during interaction.

The fixation and saccade thresholds used in this study
were selected based on prior research and insights from pilot
studies. As noted in the literature, fixation and saccade thresh-
olds often vary depending on the task type and experimental
environment [46]. For example, Arslan et al. [41] used a 0.5-
second threshold for fixations, while Król and Król [42]
applied a threshold of 0.085 seconds. Jansen et al. [44] used
0.3 seconds, Manor and Gordon [43] used 0.2 seconds, and
Llanes et al. [45] tested a range between 0.2 and 0.4 seconds,
ultimately recommending a 0.25-second threshold.

In line with Llanes et al. [45], we also tested a range of
fixation thresholds in our pilot phase and selected the one
most suitable for our specific task. We recommend that future
studies similarly evaluate a range of thresholds to determine
the most appropriate values for their task and environment.

Our findings highlight the potential of early-warning
visual feedback to improve user experience in VR without
disrupting task performance. Specifically, we show that
visual feedback can:

• Effectively warn users before failures occur
• Guide attention without imposing cognitive overload
• Adapt to user behavior over time (habituation)
• Be integrated seamlessly into visually demanding tasks

In this paper, we did not aim to generalize gaze patterns
across all VR tasks or environments, but rather to explore
how gaze behavior changes within a controlled, repeated,
pick-and-place task in response to early-warning feedback
for hand-tracking failures. Unlike studies on general vision
science theory, such as [56], [57], [58], and [73], our findings
here are contextualized to the task structure and feedback
modality. We recommend future studies to explore the gaze
behavior in early warning systems with different tasks and
environments, in AR and MR settings, and different hand
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tracking failures, and different feedback modalities, before
generalizing our findings to the vision science theory.

While this paper is built upon prior early-warning feedback
systems [32], [35], our work represents a substantive
extension that addresses a critical and previously unexplored
gap in the literature: understanding why these systems
improve user performance, not just whether they do. This
distinction is important for several reasons in the XR
community. First, by analyzing how visual feedback interacts
with gaze behavior, we uncover attentional mechanisms (e.g.,
time to first fixation, attention allocation, and habituation)
that allow early-warning systems to reduce cognitive effort.
Understanding these mechanisms can enable researchers and
developers to design task-specific early warning systems
across different contexts and applications, such as surgical
VR, training simulators, and collaborative environments.
Second, rather than treating visual feedback as a closed
box, our study reveals how users adapt to notifications
over time, reduce unnecessary fixations, and selectively
attend to relevant stimuli under error-prone conditions. This
deeper analysis advances the theoretical understanding of
visual attention and adaptation in an immersive environment.
Also, by modeling how and when users respond to early-
warning cues, our findings offer practical design guidance
for future notification systems. Novel empirical data refines
how we understand user behavior in immersive systems is a
foundational goal in HCI and XR research.

Compared to recent gaze-aware feedback systems, which
often rely on real-time gaze input to dynamically alter the
interface or control information flow, our work does not treat
gaze as a control signal [70], [74]. Prior work has mainly
focused on gaze-adaptive interfaces (e.g., for information
filtering or attention redirection), where user gaze actively
drives system behavior [69], [72]. These systems are typically
designed to improve task efficiency or support adaptive
personalization. Instead, we treat gaze as an observational
metric to analyze users’ attentional engagement with system-
triggered cues.

These results have practical implications for VR devel-
opers aiming to design early-warning notification systems
that are both non-intrusive and highly functional. Future
research should explore the integration of other modalities,
such as haptic or auditory feedback, and compare their
effectiveness across different user groups and task types.
Additionally, investigating long-term habituation effects and
personalization of feedback intensity could further enhance
system adaptability.

While our findings offer novel insights into attentional
dynamics under early-warning visual feedback, we recognize
that gaze metrics alone cannot definitively distinguish
cognitive load from visual salience. Future work should
incorporate multi-modal workload assessment frameworks,
combining gaze analysis with physiological signals such as
EEG or fNIRS, as well as subjective measures like NASA-
TLX. These additional signals would allow researchers to
triangulate the user’s mental state, helping determine whether

gaze shifts reflect attentional prioritization, salience-driven
responses, or effortful processing under cognitive strain.
By integrating these modalities in a unified experimental
framework, future studies could not only validate our
gaze-based findings but also enable the development of
adaptive, real-time workload-aware feedback systems for
immersive environments. This would also explain some of
the limitations of our study here. Moreover, such strategies
would help researchers and developers to design applications
with higher usability.

VII. CONCLUSION
In this paper, we examined participants’ perception of our
early-warning visual feedback that was shown for common
hand tracking failures by analyzing the gaze data based
on fixation-based metrics. We found that user attention to
feedback changes based on the simulated error, in a way
that feedback for errors that are likely to happen gets more
attention from the user. Additionally, showing feedback
before a hand tracking error occurs does not significantly lead
to a disadvantage in task execution.

We hope that this work can lead to more efficient visual
feedback systems, not limited to hand tracking failures,
but can even be used in generic feedback systems where
user perception is important. The study is limited to gaze
analysis of visual feedback only, therefore future work should
focus on the effect of haptic, auditory, and a combina-
tion of different types of feedback systems on user gaze
behavior.
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