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Fig. 1. Schematic representations of the four study conditions: (a) No Warning (NW), in which failures occur without warnings; (b)
Reliable Early Warning (EW), in which warnings precede failures; (c) False Positive (FP), in which a warning is presented without a
subsequent failure; and (d) False Negative (FN), in which a failure occurs without a warning.

Abstract— Early-warning systems (EWS) mitigate hand-tracking failures in Virtual Reality (VR); yet, their effectiveness depends
on reliability. Predictive warning mechanisms are prone to errors as they produce false positives (FP) and false negatives (FN). In
VR, these errors directly interfere with continuous sensorimotor control and user agency when the hand is the main input channel,
potentially affecting user trust and confidence in the system while changing user behavior. Thus, we conducted a within-subject study
(N = 24) comparing a reliable EWS baseline with controlled FP and FN warning conditions and a no-warning condition. Results
showed that both error types reduced system trust; however, FP caused a larger and immediate decline (48.7%) compared to FN
(25.7%), which emerged progressively. Self-confidence remained stable across FP and FN conditions. FP led to reduced compliance
over time, whereas FN was associated with more low-tracking states and higher mental and temporal demand. These findings show
that FP and FN errors create distinct experiential and behavioral costs during VR hand interaction, and that warning systems should

be evaluated through trust, workload, usability, and behavioral response in addition to technical reliability.

Index Terms—Virtual Reality, Early Warning, Trust, False Positive, False Negative

1 INTRODUCTION

Hand tracking in Virtual Reality (VR) systems enables users to in-
tuitively interact in immersive environments without requiring addi-
tional hardware. It is often used as the primary input channel, allow-
ing users to control virtual hands that mirror their real-world hand and
finger movements. This virtual motion provides a seamless interaction
experience, making hand-tracking-based input one of the preferred in-
teraction methods in virtual environments [37].

Yet, effective virtual hand interaction relies on hand-tracking sys-
tems. Despite hand-tracking systems being available in current state-
of-the-art commercial VR headsets, they are fragile and prone to er-
rors, such as the hands occluding each other [39, 18, 79] or being
occluded by external objects [54, 52, 66], poor lighting in the real
environment [50], and sensors’ limited field of view for hand tracking
[20]. These conditions can cause jitter [68] or misplacement of vir-
tual hands [52, 67] or even complete hand-tracking failure [2]. Such
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inconsistencies break immersion [22], decrease performance [68], and
can disrupt task execution [7].

Unlike traditional input devices that rely on mechanical compo-
nents, hand tracking in VR is primarily based on computer vision
algorithms. As a result, failures are often non-deterministic and dif-
ficult for users to anticipate. In the physical world, a broken mechan-
ical switch or button provides clear and consistent feedback, allow-
ing users to quickly understand the source of the problem. In con-
trast, hand-tracking failures may occur intermittently and without ob-
vious external cues, making it difficult for users to develop an intuitive
understanding of when and why errors occur. This unpredictability
makes hand-tracking-related errors particularly important to investi-
gate in VR interaction research.

To address these challenges, researchers have studied early-warning
feedback mechanisms for hand-tracking systems that warn users about
potential hand-tracking failures before they occur [7, 22]. For exam-
ple, Gemici et al. [22] developed a visual warning system for common
failure scenarios, i.e., low-intensity light, hand occlusion, and out-of-
vision. Their approach reduced task completion time and tracking fail-
ures by 83%, reduced overall task load, and increased the perceived
usability.

However, early-warning systems operate under uncertainty as they
rely on predictive algorithms and are therefore susceptible to false pos-
itives (FPs; Type I errors) and false negatives (FNs; Type II errors).
False positives arise when the system presents a warning, but the fail-
ure does not occur, e.g., when a user adjusts their hand position in time
or when environmental lighting is corrected before tracking is lost.
Yet, frequent false positives can lead to the “cry wolf” effect, where
users start ignoring or delaying responses to warnings [49, 10, 9].



False negatives occur when the system fails to detect conditions that
lead to actual tracking breakdowns, such as miscalibrated thresholds,
atypical user characteristics (e.g., body height or hand size), or en-
vironmental factors outside the system’s detection range [16]. These
false negative cases may be more problematic, as they undermine trust
and confidence in the feedback. In this context, trust refers to an indi-
vidual’s willingness to rely on the system [60, 36], whereas confidence
refers to belief in one’s ability to perform a task successfully [46]. Both
can be negatively affected by unreliable feedback, shaping behavioral
reliance patterns.

Trust and confidence are particularly important in VR hand interac-
tion, where the virtual hand serves simultaneously as an input mech-
anism, a visual representation of the user’s physical hand, and a com-
ponent of embodied sensorimotor interaction. Users continuously co-
ordinate their physical movements with the observed movement of the
virtual hand [26]. Consequently, tracking failures can disrupt not only
task execution but also the perceived correspondence between phys-
ical action and virtual feedback. In practice, early-warning systems,
like all predictive mechanisms, will produce both false positives and
false negatives. Understanding how these errors influence user expe-
rience is therefore essential for real-world deployment. However, in
such mechanisms, FP and FN rates are inherently coupled through
internal detection thresholds, making it difficult to isolate their in-
dividual effects. To address this challenge, we adopted a controlled
experimental approach in which FP and FN errors were manipulated
separately. This design enabled us to examine how each error type
influenced trust, confidence, workload, and compliance while reduc-
ing confounding from changes in detection thresholds and interaction
timing.

Although other domains, such as automation, aviation, autonomous
driving, and medical decision support, have studied trust in relation to
system reliability and human involvement, less is known about how
these dynamics play out in VR, especially for systems that are vul-
nerable to false positives and false negatives. Prior work shows that
trust evolves over time as users observe system behavior and develop a
mental model of its reliability [8]. Repeated exposure to correct or in-
correct automation responses also shapes user reliance and calibration
[78]. However, these findings may not directly transfer to VR hand
interaction. In many desktop or automation settings, system outputs
are discrete and separated from users’ physical actions, whereas VR
hand tracking continuously mediates users’ motor actions and the vi-
sual representation of their hands. Consequently, a false positive may
prompt an unnecessary movement adjustment, while a false negative
may leave the user without support when tracking quality degrades.
Existing research on VR hand tracking has largely focused on improv-
ing accuracy, latency, and robustness [63, 1], rather than examining
how early-warning reliability shapes trust, confidence, workload, us-
ability, and behavioral reliance during embodied interaction.

In our study, we systematically manipulated the reliability of a VR
early-warning system for hand-tracking failures by separately intro-
ducing false-positive and false-negative warnings. This allowed us to
examine not only whether warning unreliability reduced trust, but also
whether false positives and false negatives created distinct experien-
tial and behavioral costs during embodied VR hand interaction. Our
contributions are:

e We show that false positives and false negatives produce distinct
trust dynamics in VR early-warning systems for hand-tracking fail-
ures: false positives caused a larger and earlier decline in trust, while
false negatives led to a slower but still significant decline.

e We show that FP and FN create distinct experiential and behav-
ioral costs during embodied VR hand interaction: FP caused lower
usability, higher frustration, and declining compliance, whereas FN
caused higher mental and temporal demand and more low-tracking
states.

e We provide design implications for XR early-warning systems by
showing that implementation decisions—including warning sensitivity,
timing, confidence thresholds, and trigger criteria—should be evaluated
not only through technical reliability but also through their effects on
trust, usability, workload, and behavioral response.

2 RELATED WORK
2.1 Early Warning Systems for Hand Tracking Failures

Hand tracking enables intuitive, hands-free interaction and is widely
used for object manipulation in VR. Modern commercial VR headsets
track hand movements with cameras, sensors, and image-processing
techniques [13, 31]. These systems rely on built-in RGB and depth
cameras to capture the user’s hands. Computer vision algorithms,
often supported by machine learning, then process these images to
identify and track key points on the hands [12]. However, these al-
gorithms are prone to failures caused by environmental factors e.g.,
low light conditions [50], occlusions e.g., hands occluding each other
[39, 18, 79], or being externally occluded [54, 52, 66], or hardware
related e.g, the hands being out-of-vision for the headset’s sensors
[20]. These failures decrease performance, increase frustration, and
can compromise task success.

Recent studies have proposed early warning systems for hand track-
ing failures that warn users about potential failures before they occur
[22]. Bashar and Batmaz [7] demonstrated that visual early-warning
feedback reduces frustration and task completion time in low-light
conditions, while Gemici et al. [22] showed that such systems improve
usability and reduce cognitive load. Further gaze analysis showed that
users could attend to these warnings without substantially disrupting
attention to the primary task [21].

Yet, while these findings highlight the potential of early warning
systems, they leave open questions about the conditions under which
such systems remain dependable and effectively guide user behavior.
Building on this, here, we examine how the reliability of early warn-
ings shapes user experience and interaction in VR.

2.2 Trust and Confidence in System Warnings

Warnings affect how people respond to automated aids via two dis-
tinct constructs: trust in the system and decision confidence about
one’s own actions [41]. Wiczorek et al. [72] showed in a signal detec-
tion task that feedback increased confidence but had no effect on trust;
moreover, trust predicted reliance while confidence did not. Together,
these studies highlight that trust and confidence are related and both
must be considered when evaluating how users interpret and act upon
system outputs such as warnings.

In the context of automation, trust is commonly defined as the user’s
attitude that the system helps to achieve goals under uncertainty [41].
This attitude guides whether users comply with alerts or rely on the
system’s silence. Lee and See [41] propose that trust is shaped by
cues about system performance, processes, and purpose, and that ap-
propriate reliance depends on calibrated trust. Calibrated trust means
users rely appropriately when their trust matches the system’s actual
reliability, and HCI studies show that accuracy, error feedback, and
explanations can affect this [41, 73, 77, 6]. Hoff et al. also discussed
that over-trust may lead to misuse, while under-trust may lead to dis-
use, as emphasized earlier by Parasuraman and Riley [30, 57]. Kohn
et al. [36] review trust measurement approaches, noting that studies
should combine subjective self-reports with behavioral outcomes such
as compliance and reliance to capture trust comprehensively. More
recent studies have also explored short-term trust dynamics through
multimodal measures, such as combining gaze allocation with behav-
ioral performance and self-reported trust in immersive simulation en-
vironments [64].

Decision confidence reflects a user’s metacognitive judgment about
the correctness of their own action or decision [11]. It concerns a
user’s own estimate of being correct [5]; by contrast, trust is a belief
about an aid’s performance that guides reliance [17]. These definitions
show that confidence and trust are related but not the same. In practice,
confidence is often measured using trial-level ratings and calibration
analyses that assess the alignment between subjective certainty and ac-
tual performance [23]. Recent studies have shown that aligning users’
confidence with system-provided confidence cues can affect reliance
on decision aids [42].

Both trust and confidence are sensitive to the reliability of system
warnings. Experimental studies show that when systems behave in-



consistently, trust decreases and users adapt their reliance accordingly
[17, 71], and confidence in one’s own actions is affected by external
cues, including perceptions of Al confidence [42].

This underscores that user trust and confidence depend not only on
objective accuracy but also on the perceived reliability of warnings
[17,71, 73]. VR warning systems, especially those addressing hand-
tracking failures, have rarely examined these psychological constructs
in relation to warning reliability, focusing instead on performance and
usability.

2.3 False Positives and False Negatives in Warning Sys-
tems

Early-warning feedback systems operate under inherent uncertainty,
since they attempt to predict potential failures before they actually oc-
cur. This predictive nature makes them susceptible to two kinds of
errors. False positives- false alarms-Type I errors occur when the sys-
tem issues a warning even though no failure happens, for example,
when conditions change after the warning and the anticipated failure
does not occur [10, 71]. While false alarms can reduce responsive-
ness and contribute to warning fatigue, warning research emphasizes
that clear and accurate alerts are essential to encourage precautionary
or protective actions [45, 58]. False negatives-missed alarms - Type
Il errors, in contrast, occur when the system fails to issue a warn-
ing despite a potential failure, for example, when thresholds are set
too strictly or when models are miscalibrated or encounter inputs out-
side their training distribution [24, 55, 29]. Such misses can be more
problematic, as they can undermine user trust and lower perceived re-
liability [48, 4, 61, 47].

Since early-warning systems operate under uncertainty, designing
them requires balancing false positives and false negatives to preserve
both effectiveness and user trust. This balance depends on how often
events occur (the base rate) and on the relative costs of the two error
types. Studies show that both people and automated aids adjust their
response thresholds according to these base rates and costs [70, 71].
In some domains, where there is potential for injury and loss of life,
this often means biasing thresholds to avoid costly misses, even if this
increases false alarms [38].

Human-automation studies show that different types of errors affect
user behavior in different ways [16, 51]. In diagnostic-aid tasks, false
alarm-prone automation reduces compliance (the cry wolf effect, peo-
ple start ignoring alerts), and can also reduce reliance, whereas miss-
prone automation primarily reduces reliance when the aid is silent
[16, 51]. This asymmetry has been observed in controlled simula-
tions that separately measure compliance (responses to alerts) and re-
liance (behavior when no alert is issued) as distinct behaviors [16, 51].
‘While these dynamics have been demonstrated in decision aids and au-
tomation research [16, 51], their impact in 3D virtual environments is
important since presence and usability in VR depend on reliable real-
time tracking, and errors can disrupt both the sense of presence and
task performance [65]. Decision confidence has been shown to align
with system-provided confidence cues and affect reliance on automa-
tion [42]. Extending these insights, VR warning systems may simi-
larly shape both compliance and confidence. This connection between
error patterns, trust, and confidence has not yet been systematically
explored in VR for early warning systems.

Frequent false positive warnings can produce alarm fatigue, which
is the desensitization that delays or suppresses responses to valid
alarms [10, 19]. Integrative reviews in healthcare document how high
false alarm rates and poor positive predictive value decrease respon-
siveness and safety, motivating structured alarm management prac-
tices [14, 74]. Beyond healthcare, public warning research shows a
related cry wolf phenomenon: prior exposure to false alarms reduces
later compliance with genuine warnings [69]. In controlled experi-
ments with weather decision aids, very high false alarm histories re-
duce compliance and decision quality, whereas providing probabilis-
tic uncertainty (e.g., numeric likelihoods) improves both outcomes;
importantly, simply lowering the false alarm rate slightly may not re-
cover compliance [38, 33]. Survey and field analyses around tornado
warnings have examined whether false alarm exposure reduces trust

or discourages protective action, but found little evidence for these
effects [44]. These findings emphasize that users update their trust dy-
namically across repeated interactions, meaning that error history can
matter as much as overall system accuracy [41].

The impact of false positives versus false negatives depends on the
context: false negative (failing to warn about a hazard) can reduce
trust more than false positive, and higher perceived risk may further
reduce trust overall [4]. This aligns with prior research showing that
error type matters: false positives tend to lower compliance, while
false negatives tend to lower reliance [16, 51]. Taken together, these
studies highlight that the “worse” error type depends on the task and its
risks, and false negatives can be especially damaging in safety-critical
domains [16, 51, 17, 4].

3 TASK AND WARNING DESIGN

We designed two object pick-and-place tasks that were distinct in pur-
pose but closely matched in complexity and duration. A pilot study
with six participants, balanced by gender (three female and three
male), aged 25-31 years (M = 26.5, SD = 2.35), was conducted to
assess task duration and interaction complexity. Both tasks followed
the same structure and number of placements, helping ensure com-
parable procedural demands. A one-way repeated-measures ANOVA
showed no significant difference in task-completion time between the
Toy Pick & Place task (M = 156.64 s, SD = 47.28) and the Assembly
task (M = 152.07 s, SD = 48.85), p = .600.

For Toy Pick & Place task, we positioned two baskets at the cen-
ter of the scene: one on the left and one on the right ( Figure 2 (a)).
The goal was to pick objects from the baskets and place them on the
shelves. After each placement, two new objects appeared, one as-
signed to each basket, together with their semi-transparent “ghosts”
that indicated the correct placement on the shelves (Figure 2 (a)). Par-
ticipants were asked to pick up both objects simultaneously, align them
with their corresponding ghosts, and release them into place. Partic-
ipants completed 12 dual-object placements in a predetermined fixed
order.

We also designed an Assembly task. At the beginning of the as-
sembly task, all parts were visible, but the object to be grasped was
highlighted by an outline. Similar to the Toy task, a semi-transparent
“ghost” indicated the correct target position and orientation for that
part. Participants had to grasp the part, transport, rotate, and align it
with the ghost, and then release it. Once the part was positioned, the
next object was highlighted, guiding participants through the task in a
fixed order (Figure 2 (b)). In total, participants completed 12 place-
ment trials, matching the trial structure of the Toy Pick & Place task.

We chose to use two tasks instead of one to enable a within-
subject design while reducing potential carryover of trust and confi-
dence across false positives and false negatives conditions, as trust de-
pends strongly on initial experiences and is difficult to recalibrate [69].
Using two tasks ensured that participants were engaged in interaction
scenarios that felt different in purpose (toy placement versus assem-
bly) while remaining matched in complexity, duration, and number of

Fig. 2. (a) Toy pick and place task, having (1) the virtual desk, (2) two
baskets on top of the desk, (3) one on the shelf under the desk, and (4)
shelves to place the toys. Participants grabbed the toy (5) and placed it
on its “ghost” position (6). (b) the assembly task, having (1) the virtual
desk, (2) the shelf under the desk, (3) the object to be grasped high-
lighted, and (4) its “ghost” placement position.



placements. In the experiment, we counterbalanced both tasks and er-
ror conditions (false positives and false negatives) to minimize bias.
For example, if one participant completed the Toy Pick & Place task
with false-positive warnings, they performed the Assembly task with
false-negative warnings. Conversely, another participant would com-
plete the Assembly task with false positives and the Toy Pick & Place
task with false negatives.

3.1 Hand-Tracking Failure Types

We implemented four controlled hand-tracking failure scenarios in
VR, following and extending the conditions previously examined by
Gemici et al. [22]. To ensure methodological consistency and enable
direct comparison with their results, we replicated the low-light, self-
occlusion, and out-of-vision scenarios following the procedures de-
scribed in their study. In addition, we extended their work by incorpo-
rating an external occlusion condition, which was mentioned in their
paper but not experimentally evaluated. For each scenario, we distin-
guished between the task setup that induced the risk of tracking failure
and the rule-based trigger that generated the early warning.

Out-of-Vision: The scenario was induced by requiring partici-
pants to move one hand toward or beyond the headset’s effective field
of view while attending to another task element. The warning trig-
ger was rule-based: We computed Forward-Angle, Right-Angle, and
RelativePosition-Y based on a vector from the head position to the
hand, and we set thresholds similar to the ones suggested by Gemici
et al., [22], to trigger the warnings. In the assembly task, this scenario
occurred when participants reached into the top right box to grab the
parts (Figure 3 (a -b)), requiring them to rely on a top-view camera
screen(Figure 3 (b -c)). In the toy task, the out-of-vision condition
was induced when participants placed two toys far away from each
other, forcing one hand to go out of the field of view while focusing
on the other hand to correctly align the toy object (Figure 3 (d-f)).

Fig. 3. Out-of-vision condition. For the assembly task: (a) the participant
reaches for objects placed in a virtual box at the top-right of the scene;
(b) the participant monitors a screen displaying a top-view of the box; (c)
a top-view of the scene shows the hand reaching for the objects, with
its position indicated on the screen (yellow circle). For the toy pick-and-
place task: (d) the participant aligns two objects positioned far apart, so
that (e) only one hand remains within the camera’s field of view; (f) a
zoomed-out view shows both hands (yellow circles), where the warning
is triggered for the left hand since the participant's head orientation is
directed toward the right hand.

Low Light: The low-light scenario was induced using a Wizard-
of-Oz method in which the experimenter toggled the physical room
lights. We implemented an algorithm that alternated between Normal-
Light and Low-Light states. To prevent participants from predicting
when the light failure would occur, we randomized the duration of the
Normal-Light state between 5 - 7 seconds and the Low-Light state be-
tween 1 - 3 seconds. The warning trigger was based on the controlled
light-state transition: during the final 2 seconds of the Normal-Light
state, the system displayed the Low-Light warning before the room
entered the Low-Light state.

Self Occlusion: The self-occlusion scenario was induced by re-
quiring participants to position one hand in front of or across the other

from the headset’s viewpoint. The warning trigger was rule-based: we
cast rays from the user’s head position to both hands and placed trigger
colliders around the hand models. If the ray intersected both hands’
colliders, indicating that the hands were close together or overlapping
from the headset viewpoint, the system presented an early warning.
In the toy task, this occurred when the participants tried to place two
objects simultaneously, when one hand had to cross in front of the
other (Figure 4 (b)). In the assembly task, self-occlusion was induced
during simultaneous placement of two parts, one in front of the other
(Figure 4 (c)).

Fig. 4. Self-occlusion condition: (a) participant with hands positioned
one behind the other, (b) toy task where the virtual hands cross each
other while placing two objects, and (c) assembly task where two parts
are assembled one behind the other.

External Occlusion: We aligned the virtual desk used in the task
with the real physical desk (Figure 5 (a,b)). To induce external occlu-
sion, we placed objects on a shelf under the desk, so that participants
had to reach under it to pick them. When doing so, the physical desk
blocked the HMD cameras’ view of the hand (Figure 5 (c)). To en-
sure that participants could still visually locate the target objects, the
material of the virtual desk was changed from opaque wood to trans-
parent glass, allowing them to see the shelf contents while their hands
were occluded by the real physical desk (Figure 5 (d)). The external-
occlusion warning trigger was implemented as an invisible collider
under the desk around the shelf area; when a participant’s hand en-
tered this region, the system presented an external-occlusion warning
(Figure 5 (d)).

Except for the low-light condition that is externally toggled, all
warnings were triggered based on the participants’ movements. Thus,
“near-perfect” EW refers to reliable warning behavior within these
four controlled scenarios and rule-based triggers, rather than to a uni-
versal detector of all spontaneous hand-tracking failures.

Fig. 5. (a) Participants place their right hand on the physical desk to
align it with the virtual desk, (b) demonstrated for the toy task. In the
external occlusion condition, participants reach for an object placed on a
virtual shelf beneath the desk (c). To support visibility, the desk material
is changed to glass, allowing participants to see the objects (d). The
red circle highlights the hand reaching under the desk, which triggers
the external occlusion warning.

3.2 Visual Warnings Design

For the visual warnings, we relied on the design used in an earlier
study on VR early-warning systems by Gemici et al., [22]. The warn-
ing modal was easily recognizable, with color-coded symbols paired
with short textual labels, displayed centrally within the user’s field
of view. The colors were chosen from a color-blind friendly palette.
Different tracking failures were mapped to unique iconmessage com-
binations (Figure 6). Each warning was presented as soon as a failure
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Fig. 6. Visual warnings for (a) external occlusion, (b) out-of-vision, (c)
low light, and (d) self-occlusion.

was predicted and remained visible for two seconds, providing users
with enough time to notice the warning.

4 RESEARCH QUESTIONS AND HYPOTHESES

Hand tracking offers intuitive and hands-free interaction in VR, but
remains prone to failures. In scenarios where the virtual hand is the
primary input modality, early-warning systems for hand-tracking fail-
ures can improve performance and task success while preserving user
agency and reducing frustration [22, 7]. While promising, early warn-
ing systems’ effectiveness depends on reliability.

In this work, we aim to examine how false-positive and false-
negative early warnings for hand-tracking failures affect user trust,
confidence, workload, usability, and behavioral response in VR. Thus,
we investigate (RQ1) How do FP and FN early-warning errors affect
users’ trust and confidence in a VR hand-tracking early-warning sys-
tem? Trust and confidence determine whether users will rely on the
system[72, 15]; if they decrease, the benefits of early warnings might
disappear. Within RQ1, we hypothesize that Hla: Both FP and FN
errors reduce system trust and system-provided confidence relative to
the reliable baseline (EW), and H1b: compared with FN errors, FP
errors produce a larger reduction in trust and system-provided confi-
dence (cry-wolf effect).

We also investigate: (RQ2) How does unreliable early-warning
feedback affect subjective usability and perceived task load? To en-
sure early warnings support task execution rather than increase the task
demand, we assess whether usability decreases or perceived workload
increases. We hypothesize that H2a: Perceived usability decreases
with FP and FN compared to baseline EW, and that H2b: Both FP and
FN increase workload compared to EW.

Moreover, we investigate (RQ3) How do FP and FN errors affect
behavioral reliance on warnings (compliance behavior) and task per-
formance? Behavioral reliance directly determines the practical ef-
fectiveness of the early warnings [53]. If users stop complying with
the warnings after repeated false positives or false negatives, their per-
formance might decrease. We hypothesize that H3a: Under unreli-
able early warnings (FP or FN), compliance with warnings decreases
across task phases H3b: FN errors increase the number of uncorrected
tracking losses, and that H3c: Task time increases with FP and FN
compared to the baseline EW condition.

5 METHODOLOGY
5.1 Participants

We recruited 24 participants (12 female, 12 male); aged 19 — 40
(M =26.5,SD = 5.24). All participants had normal or corrected-to-
normal vision. 11 participants reported using VR more than 5 times
in their life, 3 reported 3-5 times, 8 reported using it 1 - 2 times, and
2 participants reported never experiencing it. 14 participants had prior
experience with hand interactions in VR, while the remaining 10 were
experiencing it for the first time. Participation was voluntary and un-
compensated. All procedures were approved by the university research
ethics board.

5.2 Apparatus

We used a Meta Quest Pro connected to a PC with an Intel i7 CPU,
16 GB RAM, NVIDIA RTX 3060 GPU. The experiment software was
implemented in Unity 2022.3.34f1 with the Meta XR Interaction SDK
OVR Integration. The experimenter monitored runs on a desktop.
Questionnaires were implemented as in-VR UI panels.

5.3 Experimental Design and Conditions

We used a within-subjects design with four conditions administered
in three sequential stages: NW, EW, and an unreliable-warning stage
containing the FP and FN conditions. EW served as the primary base-
line for evaluating FP and FN, as both represent reliability errors of
the same warning system. NW served as a separate control for task
execution under hand-tracking failures without warnings. The overall
progression from NW to EW to unreliable warnings was fixed, while
task order, failure-type pairings, and FP/FN assignment were counter-
balanced.

Failures Only - No Warnings (NW)  Participants completed both
tasks with the controlled hand-tracking failure scenarios (two failure
types per task; counterbalanced across participants). We did not dis-
play any early warning feedback. After finishing the second task of
this round, participants filled in-VR questionnaires.

Reliable Early Warning (EW) Participants repeated the tasks
with the same controlled failure scenarios and with early-warning sys-
tem feedback. During pilot testing, we tuned the rule-based thresholds
for each predefined failure scenario to minimize warning errors in EW.
We simulated two hand tracking failure types per task and counterbal-
anced them. After the second task, participants filled in-VR question-
naires.

Unreliable Early Warning (FP vs. FN) Participants repeated
both tasks with the early warning system enabled, but with reliability
errors introduced. One task included false-negative warnings and the
other included false-positive warnings. We manipulated the frequency
of warnings based on pilot testing. For the false negative condition, we
reduced the number of warnings by approximately 50%, such that only
half of the potential warnings were shown. The system randomly de-
termined which warnings to suppress, ensuring that missed warnings
occurred unpredictably. For the false positive condition, we introduced
additional warnings at fixed intervals (approximately once every 5—6
seconds), resulting in an average of 50% increase in total warnings
compared to the reliable baseline. Participants were not informed of
the exact FP or FN manipulation during the tasks.

We manipulated warning presentation directly rather than modify-
ing internal detection thresholds. The Interaction SDK’s native virtual-
hand behavior was not suppressed. Consequently, freezing or disap-
pearance of the virtual hands remained possible and was consistent
across conditions. This could provide late feedback about a track-
ing failure in NW and FN trials. However, our analyses included
only tracking losses associated with the four controlled failure sce-
narios and excluded unrelated spontaneous tracking losses. Adjusting
thresholds would have simultaneously changed detection timing and
sensitivity in ways that were difficult to control. Directly increasing
or suppressing warnings allowed us to hold task mechanics constant
and better isolate the experiential effects of FP and FN errors. Im-
portantly, our analysis was limited to the four predefined failure con-
texts (out-of-vision, low light, self-occlusion, and external occlusion),
which were implemented consistently across NW, EW, and FP/FN
conditions. Thus, the FP/FN manipulations reflect controlled changes
in warning reliability within these scenarios, rather than all possible
spontaneous tracking errors of the Quest/Unity pipeline.

To examine temporal dynamics, we divided the task into 3 phases
— defined as a set of four object placements. To capture evolving per-
ceptions as FPs/FNs accumulated, brief mid-task trust and confidence
questionnaires appeared after each phase.

We designed this progression to gradually expose participants to
(1) failures without early warnings, (2) a highly reliable early-warning
system, and (3) an unreliable system subject to false positives or false
negatives. This sequence allowed participants to experience the re-
liable system before encountering warning errors. Thus, participants
did not expect warnings in NW, whereas missed warnings in FN vi-
olated expectations established during EW, as prior research showed
that trust depends strongly on initial experiences [69]. While the over-
all progression was fixed, the assignment of false positives and false
negatives to tasks was counterbalanced across participants. Therefore,



comparisons between FP and FN conditions are less likely to be ex-
plained by task assignment alone, although the fixed progression re-
mains a limitation when interpreting trust development over time.

5.4 Counterbalancing

Counterbalancing was applied at three levels to avoid order effects.
First, for each participant, each task was assigned exactly two of
the four possible failure types {Out-of-Vision, Self-Occlusion, Low-
Light, External Occlusion}, yielding (‘2‘) = 6 possible pairings. Sec-
ond, in the unreliable early-warning condition, one task was paired
with false positives (FP) and the other with false negatives (FN),
resulting in two possible assignments (Toy=FP/Assembly=FN or
Toy=FN/Assembly=FP). Finally, task order was counterbalanced so
that half of the participants began with Toy Pick&Place and half with
Assembly, creating another two possible sequences. Taken together,
this produced (6 x 2 x 2 = 24) unique sequences, and each partici-
pant was assigned to one sequence, ensuring that task order, failure
pairings, and FP/FN assignments were evenly distributed across the
sample.

Exploratory order-effect analyses based on whether FP or FN oc-
curred first or second did not reveal significant carryover effects based
on Mann—Whitney tests and independent-samples ¢-tests (all p > .05).

5.5 Evaluation Metrics

We collected both subjective and behavioral metrics to address our
three research questions on trust and confidence (RQ1), usability and
workload (RQ2), and behavioral reliance and performance (RQ3). All
subjective measures were implemented inside VR as panels to avoid
interruption, while the behavioral and performance-related measures
were automatically logged.

5.5.1

Trust We used the 12-item 7-point Likert scale trust in automation
questionnaire by Jian et al., [32], which included positive and negative
statements about dependability, reliability, and integrity.

Confidence We used two single-item 7-point Likert questionnaires:
(i) self-confidence (How confident are you that you can complete the
task?) and (ii) system-provided confidence (How confident are you
that you can complete the task with the early-warning system?). These
questions distinguished participants’ confidence in their own abilities
from their confidence in the system [40]. The system-provided con-
fidence item was not included in the NW condition because no early-
warning system was available to evaluate.

Usability We used the System Usability Scale (SUS) [62] and inter-
preted scores using its A—F grading scale, where higher grades indicate
better perceived usability.

Workload We used the NASA-TLX questionnaire [25].

Subjective Measures

5.5.2 Behavioral Reliance and Performance

Compliance Rate: We defined compliance as the proportion of warn-
ings followed by corrective hand movement away from the threshold
region. A warning was considered complied with if the participant
moved their hand out of the critical region within a predefined tem-
poral window (2 seconds) after the warning appeared. This metric
directly captures immediate behavioral response to the warning and re-
flects reliance on the warning system. Compliance was computed only
for failure types with an objective corrective hand movement: out-of-
vision, self-occlusion, and external occlusion. Low-light trials were
excluded because the lighting change was external to the participant’s
hand position and did not have an equivalent corrective movement.
Number of low-tracking states for hands (N-LTS): To quantify
tracking quality, we logged low-tracking states reported by the OVR
hand-tracking confidence state. N-LTS was used only as an outcome
measure and was not used to trigger warnings. We included only low-
tracking states associated with the four controlled failure scenarios.
Each low-confidence period was counted as one low-tracking state un-
til tracking confidence recovered.

Task time: Measured from the moment the first object was grasped
until the final correct object placement. This provided an overall mea-
sure of performance across conditions.

5.6 Procedure

Upon arrival, participants provided informed consent and completed a
brief demographic questionnaire. The HMD was then fitted and cali-
brated. Participants first completed shortened versions of both tasks as
training to familiarize themselves with the interaction techniques and
user interface. During this training, no hand-tracking failures were
simulated, as we wanted to avoid influencing participants’ initial trust
and confidence in the system. This training also ensured that all par-
ticipants, regardless of prior VR experience, could successfully per-
form the interactions. They then proceeded with experimental con-
ditions. After completing the second task in the No Warning and
Reliable Early Warning conditions, participants completed the Trust
scale, self-confidence rating, SUS, and NASA-TLX. The confidence
items were presented only when an early-warning system was avail-
able. In the Unreliable Early Warning condition, trust and confidence
questionnaires were also presented mid-task after every phase to cap-
ture temporal dynamics, followed by the full questionnaires at the end.
Each task lasted approximately 3 minutes, and the full session lasted
approximately 40—60 minutes.

6 RESULTS

Unless otherwise noted, nonparametric tests (Friedman tests with
Wilcoxon signed-rank post hoc comparisons) were used to analyze the
results for our within-subjects design, as several dependent variables
were ordinal and thus did not meet the assumptions of parametric tests.

Trust and Confidence We compared trust scores across the
nearly perfect early warnings (EW), False-Positive (FP), False-
Negative (FN), and the No warnings (NW) conditions. A Fried-
man test revealed a significant effect of condition on trust scores,
x%(3) = 18.801, p < .001. Post hoc Wilcoxon signed-rank tests with
Bonferroni correction (Figure 7 (a)) indicated that trust was lower in
FN than in EW (p < .01), lower in FP than in EW (p < .001), and
lower in NW than in EW (p < .05). Trust was also lower in FP than in
FN (p < .05) and NW (p < .05). No significant difference was found
between FN and NW.

To examine how trust evolved over time, participants rated their
trust after each task phase. In the FN condition, a Friedman
test revealed a significant effect of phase on trust scores, x2(3) =
13.903, p < .01. Post hoc Wilcoxon signed-rank tests (Figure 7 (b))
showed that trust was lower in Phase 2 than in EW (p < .01). Trust in
Phase 3 was also lower than in EW (p < .01) and Phase 1 (p < .05).
These findings indicate that trust in the system declined progressively
with continued exposure to missed warnings.

Similarly, in the FP condition, a Friedman test also revealed a sig-
nificant effect of phase on trust scores, x2(3) = 36.621, p < .001. Post
hoc Wilcoxon signed-rank tests (Figure 7(c)) showed that trust was
lower than EW after Phase 1, Phase 2, and Phase 3 (all p < .001).
Trust was also lower in Phase 2 than in Phase 1 (p < .001), lower
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Fig. 7. Mean trust scores: (a) under the different conditions and across
different phases of the task for (b) FN, and (c) FP conditions. Brackets
indicate significant Bonferroni-adjusted Wilcoxon signed-rank compar-
isons. Error bars show standard errors.
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Fig. 8. Mean system-provided confidence scores (a) across condi-
tions, (b) across FN phases, and FP phases. Brackets indicate sig-
nificant Bonferroni-adjusted Wilcoxon signed-rank comparisons. Error
bars show the standard error.

in Phase 3 than in Phase 1 (p < .001), and lower in Phase 3 than in
Phase 2 (p < .01). These results demonstrate a progressive decrease
in trust with repeated exposure to false warnings.

To assess self-confidence in performing the task without support,
participants rated the statement How confident are you that you can
complete the task? A Friedman test revealed no effect of condition
on self-confidence ratings; no significant differences were observed
among the FP, FN, and EW conditions. These results indicate that
self-confidence remained comparable across the FP, FN, and EW con-
ditions. In both the FN and FP conditions, Friedman tests revealed no
significant effect of phase on confidence scores. This suggests that,
unlike trust, participants’ confidence in their ability to complete the
task remained stable across the three phases.

In contrast, for system-zprovided confidence, we found a signifi-
cant effect of condition, x=(2) = 12.96, p < .05. Post hoc Wilcoxon
signed-rank tests (Figure 8 (a)) indicated that confidence was sig-
nificantly lower in the FP condition compared to the EW condition
(p < .01). The NW condition was not included in this analysis, as no
early-warning system was available in that condition.

We further examined whether system-provided confidence changed
across task phases. In the FN condition, no significant pairwise dif-
ferences were observed across phases (Figure 8 (b)). In the FP con-
dition, system-provided confidence was lower in Phase 1 than in EW
(p < .05) and remained lower in Phase 3 than in EW (p < .01; Fig-
ure 8 (b)).

Usability We compared SUS scores across the four conditions:
nearly perfect early warnings (EW), False Positive (FP), False Nega-
tive (FN), and No-Warning (NW). The analysis revealed a significant
effect of condition on SUS scores, y*(3) = 21.218,p < .001. Post
hoc Wilcoxon signed-rank tests (Figure 9(a)) showed that SUS scores
were lower in FN (M = 56.30, grade D) than in EW (M = 76.06, grade
B). FP received the lowest mean score (M = 43.02, grade F), signif-
icantly lower than both EW and FN. NW (M = 58.91, grade D) was
also significantly lower than EW.

These results indicate that the FP impaired the perceived usability
more than the FN compared to the EW condition.

Workload A Friedman test was conducted to analyze the indi-
vidual effects of the conditions on the subscales of the NASA TLX.
Table 1 summarizes the significance of each of the subscales.

Table 1. Friedman test results indicating the significance of differences
between conditions for individual sub-scales of the NASA TLX shown in
Figure 9.

Significance
Mental Demand | x%(3) =13.920, p =.003
Physical Demand | %%(3)=9.813,p =.020
Temporal Demand | ¥Z(3) = 12.451, p = .006
Performance 2%(3)=9.244 ,p = .026
Effort 2*(3) =6.337 , p = .096
Frustration 2%(3) =22.485, p < .001
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Fig. 9. Mean scores across EW, FN, FP, and NW for (a) SUS, (b) mental
demand, (c) physical demand, (d) temporal demand, (e) perceived per-
formance, (f) effort, (g) frustration, and (h) overall NASA-TLX. Brackets
indicate significant Bonferroni-adjusted Wilcoxon signed-rank compar-
isons. Error bars show the standard error of the mean.

Friedman test revealed a significant effect of condition on mental
demand, physical demand, temporal demand, performance, and frus-
tration (Table 1). Post hoc Wilcoxon signed-rank tests showed that the
FN condition led to the highest mental demand compared to the EW
condition and the NW condition, and also FP condition significantly
increased the mental demand relative to the EW (see Figure 9 (b)).
For physical demand, only NW exceeded EW significantly (Figure 9
(c)). Temporal demand was higher in FP and FN than in the EW (Fig-
ure 9 (d)). Perceived performance was significantly lower in FP and
FN than in EW (Figure 9 (e)). Effort did not differ significantly across
conditions (Figure 9 (f)). Finally, frustration was lowest in EW, while
both FP and FN led to significantly higher frustration scores than EW
(Figure 9 (g)).

We also examined the effects of the conditions of the Early Warning
type on the overall combined NASA-TLX results. It showed a signif-
icant effect on the overall score ( x2(3) =14.929, p < .01 ) with a
mean score of 3.867 for the EW, 5.964 for the FN, 5.792 for the FP,
and 5.229 for the NW as shown in Figure 9 (h).

Behavioral Reliance We analyzed the compliance rate, defined
as the proportion of warnings followed by corrective movement away
from the threshold region. A Friedman test revealed a significant effect
of condition ( x2(2) =13.083, p < .001 ). Post hoc Wilcoxon signed-
rank tests with Bonferroni correction showed that compliance was
lower in FN than in EW (p < .005), lower in FP than in EW (p < .001),
and lower in FP than in FN (p < .05; Figure 10(a)). We then looked
at how compliance evolved across the three phases of the task. In the
FN condition, compliance was lower in Phase 1 and Phase 2 than in
EW (both p < .01), but higher in Phase 3 than in EW (p < .01). Com-
pliance was also higher in Phase 2 than in Phase 1 (p < .05), higher
in Phase 3 than in Phase 1 (p < .001), and higher in Phase 3 than in
Phase 2 (p < .01; Figure 10(b)). In the FP condition, compliance was
lower than EW in Phase 1 (p < .01), Phase 2 (p < .001), and Phase 3
(p < .001). Compliance was also lower in Phase 2 than in Phase 1
(p < .001), lower in Phase 3 than in Phase 1 (p < .001), and lower in
Phase 3 than in Phase 2 (p < .05; Figure 10(b)).

We also analyzed the number of low-tracking states for the hands
(N-LTS) as an outcome measure of degraded hand-tracking %uality.
A Friedman test revealed a significant effect of condition, x=(3) =
8.065, p < .05. Post hoc Wilcoxon signed-rank tests showed that FN
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Fig. 10. Mean warning-compliance rates (a) across conditions and
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Bonferroni-adjusted Wilcoxon signed-rank comparisons. Error bars
show standard errors.

and NW led to significantly more low-tracking states compared to EW
(both p < .01; Figure 11 (a)). This indicates that false negatives re-
duced reliance on the system by allowing more tracking failures to
occur, while false positives did not significantly affect reliance relative
to nearly perfect early warnings.

We further analyzed how the number of low-tracking states (N-
LTS) evolved across the three phases of the task. In the FN condi-
tion, a Friedman test revealed a significant effect of phase (x2(2) =
12.532,p < .01). Post hoc tests indicated that Phase 2 produced
more low-tracking states than Phase 1 (p < .01), While Phase 3 pro-
duced more than Phase 1 (p < .001) and Phase 2 (p < .05). (Fig-
ure 11 (b)). Similarly, in the FP condition, a significant effect of
phase was also found (y>(2) = 12.945,p < .01). Post hoc tests in-
dicated that Phase 2 produced more low-tracking states than Phase 1
(p < .05), While Phase 3 produced more than Phase 1 (p < .01) and
Phase 2 (p < .05). These findings suggest that both false-positive
and false-negative warnings contributed to an accumulation of low-
tracking states as the task progressed, with FN producing the greatest
overall number of losses.

Task Time Shapiro-Wilk tests indicated that task time did not
violate normality assumptions (all p > .05); therefore, we conducted
RM ANOVA. The analysis revealed a significant main effect of con-
dition (F(3,57) = 2.956, p < .05). Post hoc comparisons showed that
participants took significantly longer to complete the task in the NW
condition than in any other condition (all p < .05). By contrast, no
significant differences were observed between EW, FN, and FP, which
all yielded comparable task times (Figure 11 (c)).

7 DISCUSSION

In this study, we used two VR pick-and-place tasks: a toy place-
ment task and an assembly task, to evaluate how false positives and
false negatives shape user trust, confidence, workload, and behav-
ioral reliance in early warning systems. Each task consisted of 12
object placements and was designed to be comparable in complex-
ity. Task completion times did not differ significantly between the two
tasks, indicating that differences in user responses were more likely
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attributable to the early-warning error conditions than to task com-
plexity.

Our study is among the first to systematically separate the effects
of false positives and false negatives in VR early warning systems
for hand tracking failures. While previous studies have emphasized
the potential of early warning systems to mitigate failures and reduce
task load [7, 22], they have treated warnings as uniformly beneficial
without taking into account the possible errors and the distinct conse-
quences of false and missed warnings.

In response to RQ1, we found that both false-positive and false-
negative warnings decreased trust compared to nearly perfect early
warnings, supporting H1-a hypothesis. Importantly, trust in the false-
positive condition decreased already after the first phase of the task,
with a total decrease of 48.7%, supporting H1-b. False negatives also
reduced trust significantly after the second phase of the task, lead-
ing to a total decrease of 25.7% relative to the reliable early warning.
False positives were likely more immediately noticeable as partici-
pants saw a warning without a corresponding failure. One plausible
interpretation is that these mismatches acted as expectancy violations,
accelerating distrust in a way consistent with the “cry-wolf™ literature
[10, 19, 44]. By contrast, false negatives may have been less imme-
diately apparent, since their effect became visible only when a failure
occurred without a warning. This may explain the slower but still sig-
nificant decrease (only after phase 2) in trust under the false negatives.

Self-confidence (i.e., belief in one’s ability to complete the task)
did not vary significantly between the false-positive and false-negative
conditions. This result suggests that participants attributed failures
more to the system than to their own performance.

System usability ratings were significantly lower for both false pos-
itives and false negatives, with false positives leading to a significantly
lower usability score compared to false negatives. Specifically, usabil-
ity scores decreased by 43.42% in the false positives condition and
by 25.97% in the false negatives condition relative to the reliable EW
baseline, highlighting that false positives had the larger effect on per-
ceived usability, which is in line with H2a. Workload results show
that both false positives and false negatives increased the overall work-
load compared to the EW baseline. False negatives increased mental
demand and temporal demand compared to both EW and NW condi-
tions, while false positives increased frustration compared to EW and
NW. Together, these findings indicate that false positives primarily af-
fect the affective aspects of the user experience, while false negatives
affect cognitive and performance-related aspects, in line with the H2b
and previous research [16, 51]. Consistent with prior research, these
findings reinforce that the “worse” error type depends on the task con-
text and its risks [16, 51, 17, 4].

Behavioral measures provided further evidence of differentiated re-
sponses, addressing RQ3. In the FP condition, compliance decreased
progressively across phases: it was already lower than EW in Phase 1
and declined further in Phases 2 and 3. This pattern is consistent with
habituation to repeated false warnings, a well-known phenomenon in
alarm-fatigue research [28], suggesting that participants became pro-
gressively less willing to respond to warnings they perceived as unreli-
able. The FN condition showed a different trajectory. Compliance was
lower than EW during Phases 1 and 2, but increased across phases and
exceeded EW by Phase 3. One possible interpretation is that repeated
exposure to failures without warning made participants increasingly
responsive to the warnings that remained available. Therefore, H3a
was supported for FP but not for FN.

Both FP and FN showed increasing numbers of low-tracking states
across phases. However, FN produced significantly more low-tracking
states than EW overall, supporting H3b, whereas FP did not differ
significantly from EW. Together, these results show that behavioral
responses to warning unreliability evolve over time, but that FP and
FN produce different patterns of compliance and tracking degradation.

Task completion time was only affected when warnings were ab-
sent. Thus, H3c was not supported: task times did not increase sig-
nificantly under false positives or false negatives relative to EW. How-
ever, completion time captures only one aspect of performance. Our
analysis of low-tracking states showed that false negatives led to more



frequent tracking losses, reflecting degraded interaction quality even
when task times were unaffected. One possible explanation for this
divergence is that participants may have adjusted how they responded
when warnings were unreliable, allowing them to maintain overall task
pace despite degraded interaction quality. As a result, total completion
time remained comparable across the EW, false-positive, and false-
negative conditions.

In this paper, we replicated a previously proposed and evaluated
visual early warning system by Gemici et al. [22]. In their work,
the authors used three different hand tracking failures: low-light, self-
occlusion, and out-of-vision conditions. We extended their experimen-
tal setup with external occlusion, which they highlight in their paper,
but was not included in the evaluation. Our results on baseline con-
dition, where we implemented the early warning system without false
positives and false negatives, align with their findings: the early warn-
ing system decreased the task execution time, number of hand tracking
failures, and cognitive load while increasing system usability com-
pared to the no warnings condition. These results not only highlight
the replicability of the early warning system findings [7] but also show
that it can be extended to other hand tracking failure types.

Design Implications Our findings suggest three priorities for
XR early-warning systems: (1) reduce repeated false positives when
unnecessary corrections, frustration, and warning disengagement are
costly; (2) reduce false negatives when missed support increases track-
ing degradation or cognitive and temporal demand; and (3) evaluate
warning sensitivity, timing, and thresholds using trust, usability, work-
load, compliance, and tracking quality alongside detection accuracy.
The appropriate FP-FN trade-off ultimately depends on the task con-
text and the consequences associated with each error type.

A related implication is how early-warning concepts might ex-
tend to existing safety features in commercial VR systems, such as
the Guardian boundary [75]. Current headsets often switch suddenly
to passthrough view once users’ hands or heads cross the boundary,
which ensures safety but can feel disruptive. Our task-time results
suggest that early warnings may support task continuity even when
warning reliability is imperfect; however, their effects on trust, usabil-
ity, and tracking quality depend on reliability. This suggests that early
cues, such as fading outlines near the hands, could be introduced be-
fore the Guardian takeover to better preserve immersion.

The differentiated effects of false-positive and false-negative warn-
ings may also extend to other VR input modalities, such as controllers,
haptic gloves, and styluses. Each device provides a different benefit,
including responsiveness and precision for controllers [59, 3], natural
embodiment for gloves [43, 56, 27], and fine-grained precision for sty-
luses [76, 59, 35]. In these contexts, false positives may interrupt the
qualities that make each modality useful, while false negatives may
allow more disruptive errors to occur without preparation. Designers
must therefore decide which error type is more acceptable depending
on whether the context prioritizes flow and embodiment or precision.

Our findings also contribute to broader HCI research on trust in
automation, alarm design, and human—AlI interaction. Prior work in
domains, such as diagnostic decision aids [16] and aviation alarm
systems [71, 10], has shown that false alarms can reduce trust more
strongly than missed alarms, a pattern we also observed in VR hand-
tracking early warnings. This suggests that design principles from
safety-critical domains may also be relevant to XR systems. Our re-
sults indicate that although users benefit from warning assistance, un-
reliable signals can alter how users respond to and rely on that as-
sistance over time. By positioning VR early-warning systems within
these broader discussions, our work connects XR interaction design
with HCI research on trust, transparency, and adaptive support.

In augmented reality, where users see their real hands alongside
digital overlays, false negatives may be particularly disruptive. If a
hand overlay freezes or disappears without warning, but the user still
sees their physical hand moving, the mismatch is highly noticeable.
This creates a strong perceptual conflict between vision (real hand still
present) and system feedback (virtual hand gone), which may diminish
both trust and the sense of embodiment.

8 LIMITATIONS AND FUTURE WORK

Our study examined participants’ immediate responses during a single
session and employed a fixed 50% error rate for both false positives
and false negatives. This rate was selected through pilot testing to
create a controlled and noticeable reliability manipulation while pre-
serving comparable task mechanics across conditions. Accordingly,
our findings characterize user responses at this specific reliability level
and may not generalize to lower, higher, or adaptive error rates, or to
repeated and longitudinal exposure.

Since participants performed only one session, our study focuses
on the immediate effects on trust and confidence during a single ex-
posure. Trust recovery is known to be a slower longitudinal process
[34], and future research should investigate how it develops across re-
peated exposures and explore design interventions that could support
trust recalibration in applications where errors are unavoidable. For
example, such interventions could include transparent status messag-
ing (e.g., notifying users when the system’s reliability has improved
after a period of instability), adaptive reliability indicators (e.g., a vi-
sual or haptic feedback that communicates current confidence in the
warning system), and phased restoration of accuracy (e.g., gradually
reintroducing reliable warnings after errors rather than switching sud-
denly), all of which may help users rebuild trust in the system.

Our false positive and false negative rates were designed based
on pilot testing, and we reduced the warnings or provided additional
warnings by approximately 50% compared to the baseline. While this
provided strong control, it does not fully reflect the variability of real
hand tracking failures. Future studies should run in-wild studies and
examine whether context-aware strategies (e.g., tighter thresholds in
high precision actions and looser thresholds during simpler actions)
yield better trade-offs between false positive and false negative warn-
ings.

While our evaluation was based on two matched pick-and-place
tasks of moderate complexity, which allowed us to control for task
time and ensure comparability, this limits generalizability to other
forms of VR interactions. Longer, more demanding tasks, such as
fine assembly or training simulations, may produce different tolerance
thresholds for false positives and false negatives. Future work should
therefore extend the study to task contexts where the costs of missed
warnings versus false warnings vary more dramatically.

Our study adopted the visual warning design proposed in prior work
[22]. Future work should examine alternative and multimodal feed-
back designs, including haptic and auditory cues, and investigate how
feedback modality affects trust and confidence in the system. Because
the low-light scenario involved changes to the physical room lighting,
participants may have perceived these changes through the gap be-
tween the headset and face, potentially influencing their interpretation
of the warnings.

9 CONCLUSION

Early-warning systems have been proposed to mitigate hand-tracking
failures in VR, yet their effectiveness depends on reliability. In this
work, we examined how false positives and false negatives affect user
trust, confidence, workload, and behavioral reliance when interacting
with such systems. Within the tested single-session pick-and-place
setting and controlled 50% error rate, our results demonstrate that false
positives produce an immediate decline in trust and lead users to dis-
engage from warnings over time, whereas false negatives reduce trust
more gradually but increase mental and temporal demand as users at-
tempt to compensate for missed alerts. Comparisons with NW were
measure-specific: warning conditions reduced task time, whereas FP
produced the lowest mean usability score. By identifying these ef-
fects, our work provides guidance for managing warning reliability
and informs the design of dependable early-warning systems that ex-
tend beyond VR hand tracking to broader applications, such as, but not
limited to, safety boundaries, controller and glove-based interactions,
and augmented reality.
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