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Abstract

How do user-defined gestures for mixed reality change when users’
hands are engaged in tasks? To address this question, we conducted
a gesture elicitation study to understand user preferences and the
characteristics of gestures conceptualized in three scenarios with
varying levels of hand constraints, namely: "both hands free", "one
hand fixed", and "both hands busy". We analyzed these gestures
across multiple dimensions and compared our findings with those
from prior research. Our results indicate that when both hands are
occupied, users tend to favor head gestures over those involving
other body parts, such as the eyes or legs. Additionally, we found
that most of the proposed gestures were metaphorical, with many
influenced by legacy bias. These insights enhance our understand-
ing of how hand constraints influence gesture choices in mixed
reality scenarios.

CCS Concepts

« Human-centered computing — Human computer interac-
tion (HCI); Interaction techniques; Gestural input;
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1 Introduction

In the evolving landscape of mixed reality (MR) technology, devel-
oping intuitive interaction methods is crucial for enhancing user
experiences across various applications. MR technology enables
environments that integrate physical and digital worlds, allowing
users to interact with virtual elements naturally while remaining
aware of their surroundings. A key user interaction component in
these systems involves performing gestures to communicate within
the MR environment [4, 10].

Gesture-based interaction provides an intuitive input method
that eliminates the need for traditional hardware interfaces, proving
advantageous in diverse settings such as maintenance work [16], ve-
hicles [23, 27], museums [39], electronic devices [40], smarthomes [20],
and healthcare [18, 42]. In these environments, external factors like
noise or distractions can limit voice-based interaction, emphasizing
the value of reliable non-verbal alternatives. The success of gestural
interfaces in MR systems depends on their design; gestures must be
easy to perform, remember, and interpret [42], while also being re-
sponsive and accurate to avoid user frustration [18]. Gestures must
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also minimize physical and cognitive strain to prevent fatigue [12]
and avoid hindering task performance [33].

An added challenge occurs when gestures are restricted by the
user’s environment, particularly in industrial contexts where hands
may be occupied [29]. This limitation is significant in MR task
guidance systems that guide users through tasks with real-time
instructions, aiming to reduce cognitive load, lower error rates, and
decrease task completion times [31, 34]. Effective gestures can be
essential in these systems, yet it becomes challenging when users’
hands are engaged with tools or materials, limiting feasibility.

Given these constraints, this study addresses the research ques-
tion: How do hand constraints impact the design and selection of
intuitive gestures in MR interactions? Furthermore, it explores how
users adapt gestures between different hand constraint scenarios,
such as using one hand versus both hands or when tools or envi-
ronmental factors limit dexterity.

To examine how hand constraints influence user-defined ges-
tures in MR settings, we conducted a study with 20 participants
using the HoloLens 2. Participants proposed gestures for 13 ac-
tion referents relevant to general MR use and task-specific com-
mands, like navigating steps or requesting demonstrations. The
study included four scenarios: one control scenario with both hands
available (Control), one with the non-dominant hand occupied (One-
Hand-Fixed), another with both hands occupied (Two-Hands-Busy),
and a final scenario for refining gestures (Refinement).

Our findings reveal that when hands are occupied, users prefer
head gestures over other body parts, demonstrating adaptability
to hand constraints. Most proposed gestures were metaphorical,
influenced by legacy biases or real-world experiences, indicating
a reliance on familiar interactions (e.g., swiping and tapping) or
common social conventions (e.g., raising a thumb for yes). Notably,
even when participants knew their hands were free for refined
gestures, they continued exploring head gestures, acknowledging
potential hand occupation in MR environments. Simple, one-step
gestures that are easy to perform and remember were favored,
with common actions like Accept/Yes and Decline/No showing high
consensus, while abstract referents displayed more variability.

Our findings contribute critical insights for designing adaptable
MR interfaces, emphasizing the necessity of supporting diverse,
low-effort gestures to ensure robust interaction under realistic hand
constraints. Furthermore, our results reaffirm the methodological
importance of incorporating constraint-based scenarios and a re-
finement phase in gesture elicitation studies.

2 Related Work

Gesture elicitation studies are widely used to design gesture-based
interfaces [42]. By asking users to propose gestures for specific
actions (referents), researchers can identify consensus and generate
user-defined gesture sets. While only a small number of gestures
typically achieve high agreement rates (AgR) [37], the gestures
proposed by users provide valuable insights for design, as they tend
to be easier to perform, learn, and remember than those created
by designers [26]. Consequently, elicitation methods have been
applied for diverse technologies and varied contexts, including
MR [2, 6, 9, 42, 46].
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Early work in MR space has identified user-defined gesture sets
and ways to categorize AR gestures [32]. Studies have also examined
how AR gestures are influenced by object size and scale [30], how
users manipulate single and multiple objects using both speech and
gesture interactions [43, 50], and how different gesture modalities
(surface and motion) affect AR gesture outcomes [14].

Despite their benefits, elicitation studies also have limitations.
Legacy bias [25] can restrict the discovery of new gestures for
emerging technologies, while performance bias [37], may limit the
long-term viability of elicited gestures. These biases have been
observed in MR-related studies [27, 30]. Attempts to mitigate legacy
bias, such as those by Ortega et al. [28], have yielded mixed results.
On the other hand, some researchers argue that legacy bias can
enhance gesture memorability and familiarity [14, 50].

Another challenge for elicitation studies is ensuring the prac-
tical usability of gestures in real-world contexts. For example, an
increasing number of studies have explored gesture elicitation in
hands-free or constrained scenarios, where users must interact
while holding objects, multitasking, or using wearable devices
[17, 19]. Some researchers have focused on body-specific solu-
tions, such as head gestures [49] or microgestures (i.e., subtle finger
movements) [5, 7, 22], while others have explored object-based
inputs [38]. Our research extends these findings by examining how
physical constraints, specifically hand occupancy, shape gesture
preferences in MR. Unlike prior work, we do not prime participants
toward specific interaction modalities, microgestures, or body parts,
allowing us to observe how users naturally adapt their gestures
when facing limitations. This holistic approach offers broader in-
sights for designing intuitive MR interfaces.

Category Referent Action

1. Accept / Yes
System Commands 2. Decline / No

3. Help

4. Open M
System Menu Pen .enu

5. Hide Display

6. Show All Steps
7. Next St
Task Navigation * ] °P
8. Previous Step
9

. Show Current Step

10. Identify

11. Verify

12. Demonstrate
13. Alternative

Task Assistance

Table 1: System actions associated with referents for gesture
elicitation, listed in order of appearance.
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3 Methods
3.1 Referent and Scenario Selection and System
Development

To compile a comprehensive list of referents across various actions
in a hand-constrained MR context, we reviewed and selected ref-
erents related to MR from previous elicitation studies [16, 21, 28,
32, 40, 43]. Furthermore, to better capture real-world situations in
which hands can be occupied, we framed the referents and our con-
straint scenarios in the context of the user needs for task guidance
systems presented by Barquero et al. [3], which emphasize critical
factors, such as task coordination and user safety, or limitations,
such as having to hold an object in place to cut it, where hands
play a significant role. Table 1 shows all referents, contexts, and
appearance order.

We implemented the referents using Unity and C#, integrating a
Microsoft HoloLens 2 MR head-mounted display (HMD) to provide
an authentic MR environment. We designed the system to display
the referents as visual prompts within the participant’s field of view.
For each scenario, we presented the "before" and "after" states on
the HMD visor to illustrate task transitions, using a local server to
manage and progress the referents remotely.

3.2 Participants

We recruited 24 adult participants from a local university. Data
from four participants were excluded due to session interruptions or
protocol deviations. As a result, the final analysis included data from
20 participants (10 self-identified as men, 10 as women), ranging in
age from 18 to 30 years (mean: 20.95, standard deviation: 3.15). All
participants were right-handed. Participants were given a choice
of $30 or class credit as compensation.

3.3 Experimental Setup

We carried out the study in a room equipped with a computer, a
HoloLens 2 device, a fixed object at waist level to hold as a con-
straint during one of the scenarios, two handheld objects used as
constraints for a different scenario, and a whiteboard displaying sub-
jective rating statements. We used a front-facing camera to record
participants’ full-body interactions, ensuring comprehensive data
capture for analysis.

We first asked participants to sign a consent form and gave them
an overview of the study. Next, we told the participants that the
system is capable of recognizing any gesture. To prevent priming,
we avoided any gestures, touch, or mention of examples while
providing instructions. We began each session with the Control
scenario, where both hands were free. For each referent, we showed
the "before” and "after" screens, and then asked participants to
propose a gesture, explain their reasoning using a think-aloud
protocol, and rate the gesture on a 10-point scale based on goodness
of fit ("The gesture I picked is a good match for its intended use"),
ease of use ("The gesture I picked is easy to perform"), memorability
("The gesture I picked is easy to remember"), and frequency of use
("Assuming the gesture exists, how often would I use it?"). This rating
system is aligned with established practices in other elicitation
studies [36, 45]. After the ratings, we asked participants to repeat
the gesture to ensure clear and accurate recordings. We repeated this
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process for all referents in the Control scenario. We administered
the referents in the order given in Table 1.

Next, we guided the participants through the One-Hand-Fixed,
Two-Hands-Busy, and Refinement scenarios. The design of these four
sequential scenarios exposed participants to different constraints,
allowing them to adapt their gestures according to their encoun-
tered limitations. By maintaining a fixed order of scenarios, we
observed how each constraint influenced participants’ perceptions
of new limitations and their adaptations in gesture selection.

In the Control scenario, we allowed participants to propose ges-
tures without constraints. In the One-Hand-Fixed scenario, we re-
quired participants to hold a fixed object with their non-dominant
hand, restricting its movement, while keeping their dominant hand
free for gestures; to parallel the real-world scenario of holding an
object in place during a task. The fixed object was a standing cam-
era tripod, which we instructed participants to hold by its head,
adjusted to their waist level. This required participants to grasp
the tripod using the Power Disk grasp style from the GRASP taxon-
omy [15]. In the Two-Hands-Busy scenario, participants occupied
both hands with handheld objects while still allowing free arm
movement; to parallel the real-world scenario of holding two ob-
jects during a task. The handheld objects were two small, soft, and
lightweight American football-shaped stress balls, requiring grasp-
ing consistent with the Medium Wrap style from GRASP. These
limitations allowed us to observe how participants adapted gestures
in response to each condition. Importantly, we did not explicitly
instruct participants to account for constraints when proposing
gestures. This deliberate decision further prevented priming and
ensured their adaptations emerged naturally.

In the final Refinement scenario, we asked participants to design
gestures for the same referents, without constraints. Once again, we
refrained from instructing them to reflect on constraint scenarios
to avoid priming effects. However, we allowed participants to refine
their previous gestures or introduce new ones if they wished. We
anticipated the cumulative experience of different constraints would
prompt a conceptual change in their gesture choices. Therefore, the
gestures that persisted in the Refinement scenario should reflect the
participants’ ability to adapt to various constraints, synthesizing
their understanding of feasible actions in these environments.

At the end of the study, we asked participants to complete a
demographic questionnaire, compensated them, and debriefed them.
All data was securely stored on institutional platforms. The protocol
was approved by our Institutional Review Board.

3.4 Data Analysis

From the 20 participants, across 4 scenarios and 13 gestures per
scenario, we collected a total of 1,040 gestures. We analyzed these
gestures through a multi-phase process using video recordings
from the study sessions. First, we documented each gesture and
participants’ reasoning, following a detailed description protocol
developed and refined through multiple joint sessions. In the sec-
ond phase, two researchers independently coded all documented
gestures. We reviewed and resolved coding discrepancies through
group discussions and consensus during team working sessions.
We then classified the gestures based on five dimensions: Body Part,
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Figure 1: Most common gestures for select referents across all scenarios. (A): For Accept/Yes, a shifting pattern is observed from
hand gestures to head gestures. (B): For Next Step, a returning pattern from head gestures to hand gestures emerges. Hand
gestures executed by participants in the Two-Hands-Busy scenario were performed while holding objects in their hands.

Temporal, Context, Complexity, and Nature, as described in the Re-
sults section. These dimensions and their possible encodings were
adapted from previous works on gesture works [11, 13, 36, 45, 47].
Two researchers independently assigned classifications to all ges-
tures, and differences were resolved through group discussions until
a consensus was reached. By the end of this process, we successfully
classified all gestures.

Following the approach of Wobbrock et al. [44] and Ruiz et
al. [36], we calculated agreement rates (AgR) between user-defined
gestures within each scenario using the AGreement Analysis Toolkit
(AGATe) [41]. To account for natural variations in gesture execu-
tion, we followed the approach of Piumsomboon et al. [32] on
user-defined gestures for AR, relaxing grouping constraints, and
prioritizing the most essential characteristics of each gesture. We
also cross-verified participants’ intent using their reasoning to avoid
oversimplification in our groupings. Regarding subjective ratings
for gestures, we conducted quantitative analyses to compare scores.

4 Results
4.1 Agreement Rates (AgR)

Participants proposed a total of 194 different gestures across all
referents and scenarios. When examining the occurrence of unique
gestures in each scenario, we observed a slightly higher number of
unique gestures in the One-Hand-Fixed (96) and Two-Hands-Busy
(101) scenarios compared to the Control (90) scenario. Interestingly,
the number of unique gestures did not decrease greatly in the Re-
finement (99) scenario. However, when examining the uniqueness
of gestures across referents, considerably fewer unique gestures
were proposed for the Accept/Yes (15), Decline/No (13), Next Step
(13), and Previous Step (12) referents compared to the total num-
ber of unique gestures proposed for the following Task Assistance
referents: Demonstrate (51), and Alternative (42), and Verify (39).
When looking at gesture repetitions through the AgR lens, our
results indicate that some AgR vary when constraints are intro-
duced. For instance, we observed reduced AgR for referents such
as Help (Control = .153 vs. One-Hand-Fixed = .026) and Hide Display
(Control = .184 vs, Two-Hands-Busy = .037). Conversely, other AgR

remained consistently low across all scenarios, including Verify
(mean = .025, SD = .008), Demonstrate (mean = .011, SD = .010), and
Alternative (mean = .017, SD = .005). In addition, we encountered
instances where multiple gestures tied with the highest AgR for cer-
tain referents, such as Open Menu in the Control (2 gesture groups
= .068) and One-Hand-Fixed (3 gesture groups = .095) scenarios,
introducing conflicts in determining a single consensus gesture. A
complete list of the most frequent gesture groups for every referent
and scenario has been included in Appendix A.

Certain referents evoked highest AgR. In particular, the user-
defined gestures for the Accept/Yes, Decline/No, Next Step, and Previ-
ous Step referents consistently scored the highest AgR across all four
scenarios, but with interesting variations. For instance, Figure 1 Sec-
tion A illustrates the most common gestures for the Accept/Yes ref-
erent across scenarios. In the Control and One-Hand-Fixed scenario,
"Thumb Up" was the most frequent gesture for Accept/Yes. However,
in the Two-Hands-Busy and Refinement scenario, the most frequent
gesture changed to "Head Nod". "Head Nod" also demonstrated a
higher AgR in Refinement and Two-Hands-Busy scenarios compared
to "Thumb Up" in Control.

In contrast, the Next Step referent exhibited a distinct pattern,
as shown in Figure 1 Section B. While "Swipe Left" was the most
frequent gesture in both Control and One-Hand-Fixed, two head
gestures, "Head Swipe Left" and "Head Tilt Right", emerged during
Two-Hands-Busy tying for highest AgR. However, the original hand
gesture from Control reasserted itself in Refinement.

Overall, AgR and gesture variety across scenarios highlight no-
table differences in user-defined gestures based on the referent and
type of constraint.

4.2 Gesture Characterization

To further analyze gestures, we categorized them into five dimen-
sions: Body Part, Temporal, Context, Complexity, and Nature. We
used two distinct grouping methods to analyze our results. The first
method was scenario-based, examining the attributes of gestures
produced by participants within each scenario [37]. The second
grouping method focused on selecting the most common gestures
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for each referent and scenario [32]. A complete list of dimensions

and codes can be observed in Table 2.

Category Gesture Description
Body Part
Arms Involving arms, hands, and fingers
Head Using head movements
Eyes Based on eye movement
Legs Involving leg movements
Temporal
Discrete Action occurs after gesture completion
Continuous Action occurs during gesture
Context

Context-dependent Requires a specific context

Context-independent Does not require context

Complexity
Simple A single-action gesture
Compound Composed of multiple actions
Nature
Symbolic Based on pre-defined symbols
Metaphorical Represents a real-world metaphor
Deictic Pointing or interacting with objects
Abstract No specific or predefined meaning

Table 2: Taxonomy of gestures categorized by body part, tem-
poral characteristics, context, complexity, and nature.

4.2.1 Body Part. This dimension classifies gestures based on the
specific body parts involved in their execution. The categories
emerged organically during the classification process. We decided
to group all gestures performed with fingers, hands, shoulders, and
arms under a single category: arm gestures, similar to what Fleiner
et al. [16] did for hand gestures. In addition to arms (whether left,
right, or both), we also identified the use of the head, eyes, and legs
(left, right, and both), and gestures that combined multiple body
parts. Notably, none of the participant’s proposed gestures could
be categorized as object-centric gestures.

When using the second grouping method (most common ges-
tures), we identified 69 top-performing gesture groups across 52
possible combinations (4 scenarios x 13 referents). This number ex-
ceeded the total combinations because some referents had multiple
gestures that tied for the highest AgR.

As shown in Figure 2 Section B, when counting gestures using
the first method (i.e., their appearance across different scenarios),
we observed a preference for gestures involving arms in the Con-
trol, One-Hand-Fixed, and Refinement scenarios. However, there
was a substantial shift in the Two-Hands-Busy scenario, with head
gestures surpassing all others. This is noteworthy, given that par-
ticipants still had considerable freedom with their fingers, hands,
wrists, and arms to propose gestures while their hands were holding
the objects. In fact, 15 out of 20 participants still used their arms
to propose multiple gestures in the Two-Hands-Busy scenario, yet
head gestures remained predominant. In contrast, when analyzing
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body part usage with the second method, the majority were arm
gestures. Of the 69 top-performing gesture groups, only 18 involved
the head: 1 in the One-Hand-Fixed scenario, 15 in the Two-Hands-
Busy scenario, and 2 in the Refinement scenario, specifically the
Head Nod for Yes and Head Shake for No.

4.2.2  Nature. This dimension categorized gestures based on the
intrinsic characteristics that inspired their creation. Specifically, the
following codes were applied:

o Symbolic: gestures that use agreed symbols influenced by cul-
tural or social conventions. For example, drawing an "X" in
mid-air to indicate rejection or nodding to signal affirmation.

o Metaphorical: gestures acting as metaphors for real-world
situations or objects, like a gesture mimicking opening a
book. This also covers legacy bias gestures, such as swiping
to navigate, reminiscent of touchscreen behaviors.

e Deictic: gestures involving pointing, gazing at, or touching
objects based on their physical or virtual location.

o Abstract: gestures that do not fit other categories, often used
when participants run out of ideas or cannot justify a gesture.

Several gestures were classified under multiple nature categories.
For example, a gesture where a participant points to an object
and then air-taps in its direction was categorized as both deictic
(pointing to the object’s location) and metaphorical (point-and-click
metaphor).

When analyzing gestures based on their nature, we found that a
majority (61.25%) were either purely metaphorical or had a metaphor-
ical component. Distribution of gesture types was relatively consis-
tent across scenarios, except the Two-Hands-Busy scenario, where
abstract gestures became more common and metaphorical gestures
decreased. For the gestures with the highest AgR, metaphorical
and symbolic gestures predominated, sometimes including a deictic
component. Interestingly, no abstract gestures were present in the
set of gestures with the highest AgR.

4.2.3 Complexity. This dimension pertains to whether a proposed
gesture is classified as a simple or compound gesture. A compound
gesture can be broken down into simpler gestures by segmenting
pauses in motion, changes in body parts, repetitions, or sequences
of entirely different gestures. For example, a single hand swipe
is a simple gesture, while a hand swipe followed by an air tap is
compound. Approximately 86% of all gestures were classified as
simple. Compound gestures were more commonly observed in Task
Assistance actions. For instance, 27 out of 80 gestures proposed
for Verify were compound. However, when observing complexity
on the group with the highest AgR, we found that all were simple
gestures, without exception.

4.2.4 Context. This dimension classifies gestures based on whether
they depend on a specific context for their use. For example, a Tap
On gesture aimed at a message on the screen would be context-
dependent, while a head swipe upward to open the menu would
be context-independent. During analysis, we found that 77% of all
gestures were classified as context-independent. The Tap On gesture
was the only one that predominantly required a specific context.
In contrast, gestures such as Raise Hand and Thumb Down, were
always context-independent. No other differences were observed
when analyzed across scenarios or within the highest AgR group.
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4.2.5 Temporal. The temporal dimension distinguishes between
discrete gestures, where the action occurs after the gesture is fully
completed, and continuous, where the system reacts to the gesture
as it is being performed. We found that approximately 98% of ges-
tures were discrete, meaning the intended action occurred after
the gesture was finished. The remaining 2% were mostly swipe-
like movements in which participants stated that objects in screen
would drag along their gesturing trajectory. No additional details
were observed.

4.2.6 Summary. Figure 2 Section A illustrates the characterization
of the 1,040 gestures performed by participants in our study. As
previously indicated, totals for the Body Part and Nature dimensions
exceed the total number of gestures due to gestures being classified
under multiple categories.

4.3 Effects of Hand Constraints on Perceptions
of Goodness of Fit, Ease of Use,
Memorability, and Frequency of Use

Parametric analyses were conducted on the participants’ subjec-
tive ratings of the perceived levels of goodness of fit, ease of use,
memorability, and frequency of use associated with the gestures that
users conceptualized over the four different constraint scenarios,
after verifying that the assumptions for each test were appropri-
ately met. This included ensuring normal distribution of the data
across the levels of the categorical predictor (i.e., each scenario)
by using Shapiro Wilk tests of normality, homogeneity of vari-
ance using Levene’s tests, and validating that the error variances in
groups of samples were equivalent using Mauchly’s test of spheric-
ity. When the assumptions of sphericity were violated, the effects
of the categorical predictor were interpreted after applying Green-
house Geisser corrections. Post-hoc pairwise comparisons between
levels of the within-subjects variable (scenario) were conducted
using Bonferroni corrections.

The dependent measures of goodness of fit, ease of use, memo-
rability, and frequency of use of the gestures were each separately
analyzed using a repeated measures ANOVA, with the scenario
(Control vs One-Hand-Fixed vs Two-Hands-Busy vs Refinement) as
a categorical predictor. Significant effects in each analysis are pre-
sented with effect size measures. Table 3 shows the results.

A significant effect of scenario was found for perceived good-
ness of fit (p < 0.01). Post hoc pairwise comparisons revealed
that gestures in the Refinement scenario were perceived as hav-
ing significantly better goodness of fit compared to both Control
and Two-Hands-Busy. Additionally, goodness of fit was significantly
higher in the One-Hand-Fixed scenario compared to Two-Hands-
Busy. Similarly, scenario had a significant effect on perceived ease
of use (p < .001). Post hoc pairwise comparisons revealed that
perceived ease of use was significantly higher in the Refinement
scenario compared to Two-Hands-Busy. Additionally, ease of use
was rated significantly higher in the Control scenario than in Two-
Hands-Busy. Perceived memorability also showed a significant effect
of scenario (p < .001). Post hoc pairwise comparisons revealed that
gestures in the Refinement scenario were perceived as significantly
more memorable than those in Two-Hands-Busy. The memorability
of gestures was also significantly higher in the Control scenario
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compared to Two-Hands-Busy. Finally, a significant effect of sce-
nario was also found for perceived frequency of use (p = .008). Post
hoc comparisons revealed gestures in Refinement were perceived as
significantly more likely to be used than those in Two-Hands-Busy.

5 Discussion

Our study revealed how hand constraints shape user-defined ges-
tures and preferences in MR. This section contextualizes these
findings within prior research and broader MR applications.

5.1 Metaphorical Gestures and Legacy Bias in
Constrained MR Environments

Metaphorical gestures, which mimic real-world interactions, domi-
nated user-defined gestures, reinforcing their role as intuitive in-
puts in MR [44]. However, in the Two-Hands-Busy scenario, users
resorted to more abstract gestures, suggesting that physical con-
straints can push users beyond familiar metaphors [32]. Despite
this, metaphorical gestures remained prevalent, underscoring their
importance for simplifying MR interactions. Legacy bias adapta-
tions also varied by scenario. For example, in Control, traditional
screen-like interactions, like pointing to select and dragging to
move, were common. However, in Two-Hands-Busy, participants
adapted these gestures to rely on head movements instead of hands.
This aligns with works showing physical constraints driving cre-
ative adaptations [1, 37, 48], and confirms legacy bias persistence
even when trying to omit it [28]. Furthermore, gestures varied
greatly between scenarios, but there were notable exceptions. For
example, gestures anchored in a clear spatial schema were very
resilient, mainly concerning their Nature. In particular, Next and
Previous Step prompted a side-to-side movement metaphor that
would be performed with a free hand, with an object in hand, or
occasionally with a head movement. In contrast, commands lacking
a spatial axis (e.g.: Verify, Demonstrate) were quickly reinvented,
oftentimes with new compound or sometimes abstract motions.
Altogether, these findings suggest that constraints amplify the role
of motor comfort and legacy bias. Gestures that already enjoy a
strong metaphorical anchor merely adjust to constraints or migrate
to another body part, while abstract commands evolve until users
find an alternate form.

Another key finding was the increased reliance on head ges-
tures when hands were constrained. Gestures like the Head Nod
for Accept/Yes and Head Shake for Decline/No became dominant in
Two-Hands-Busy, reflecting users’ preference for low-effort alter-
natives. This supports previous research on minimizing physical
strain in interaction design [24]. Even in the Refinement phase,
users sometimes continued favoring head gestures, highlighting
their practicality in MR systems where hand availability is incon-
sistent.

Interestingly, none of our participants spontaneously proposed
any object-centric gestures [38] or microgestures [7], even though
such approaches have been highlighted in prior work for hands-
free or constrained settings. In our study, all finger-based gestures
also involved larger arm movements (e.g., pointing, swiping), and
participants never used small-scale finger motions exclusively. This
outcome is notable because we did not prime participants toward or
away from microgestures or object-centric interactions. Thus, when
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Control [ One-Hand-Fixed [ Two-Hands-Busy [ Refinement
F(3,57) = 14.375, p < .001, % = 0.431
Goodness of Fit (357) P Mp
78920230 | 82850238 [ 7.600%0245 [ 8.492%0.222
F(2.35,44.70) = 9.67, p < .001, 2 = 0.337
Ease of Use ( ) p Tp
8.962+0.175 |  8.835 £ 0.194 8.473+0.204 [ 9.088 +0.183
F(3,57) = 10.87, p < .001, n? = 0.364
Memorability (3.57) P  Tp
8365+ 0213 | 8273+0234 [ 7908%0244 [ 8.581%0.215
F(1.877,35.66) = 5.648, p = .008, n2, = 0.229
Frequency of Use ( ) P p
8342+0.257 | 8335+0302 | 7.973+0301 [ 8504 +0.280

Table 3: Summary of F-statistics, p-values, 1712,, and means t standard errors for the four scenarios.

not explicitly prompted, users defaulted to more prominent head,
arm, or even leg and eye-based solutions. These findings underscore
that, in real-world usage, designers may need to introduce or train
users for microgestures or object-centric gestures to take advantage
of their potential benefits.

5.2 Agreement Rates (AgR) and Gesture
Variability

Certain symbolic gestures, such as Head Shake for Decline/No and
Raise Hand for Help, exhibited high specificity, meaning they were
consistently mapped to a single referent. In contrast, other common
symbolic gestures like Wave were proposed for multiple referents,
likely due to the absence of an explicitly related action, such as a
greeting. This suggests that designers of MR systems should lever-
age symbolic gestures only when their meaning clearly aligns with
actual system actions. Analysis of agreement rates (AgR) across sce-
narios revealed strong consensus for familiar actions like Accept/Yes,
Decline/No, Next Step, and Previous Step, suggesting that these ac-
tions are especially well-suited for consensus-driven gesture sets.
Notably, the "Head Nod" and "Head Shake" gestures for Accept/Yes
and Decline/No in both the Two-Hands-Busy and Refinement scenar-
ios yielded higher AgR than those reported for similar referents in
previous works [8, 21, 32]. This may be because when our hand-
constraint scenarios prompted participants to change their Control
gestures, they might have opted to rely on these simple and intu-
itive alternatives. The emergence of these low-effort options aligns
with Ruiz and Vogel’s [37] findings, showing that introducing soft

constraints such as wrist weights encourages users to create a more
diverse yet sustainable gesture set. From a methodological per-
spective, their work, together with our results, underscores the
importance of multi-phase elicitation protocols that include real-
istic constraints and a refinement pass to identify gestures that
remain robust when users are encumbered.

Conversely, abstract referents like Verify and Demonstrate had
lower AgR, reinforcing challenges in designing intuitive gestures
for ambiguous actions [32]. Interestingly, the Refinement scenario
did not consistently alter overall AgR, though some specific ref-
erents and gestures shifted (Figure 1). This suggests that users
are adaptable yet maintain strong preferences for certain intuitive
gestures across conditions.

Regarding participants’ ratings, we observed how hand con-
straints negatively impacted subjective ratings of goodness of fit,
ease of performance, memorability, and frequency of use. Gestures
in Two-Hands-Busy were rated lower across all metrics compared
to Control and Refinement, suggesting that constraints impose ad-
ditional strain. However, the Refinement phase showed a notable
increase in ratings, indicating that allowing users to refine gestures
enhances confidence and usability. These findings align with prior
work showing the benefits of iterative gesture refinement [24, 37].

6 Limitations, Future Work, and Conclusion

This study highlights how hand constraints influence user-defined
MR gestures, with participants favoring head gestures when hands
were occupied, emphasizing the need for alternative inputs. Legacy
bias and familiar metaphors shaped gesture selection, while simple,
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low-effort gestures were consistently preferred. High-specificity
symbolic gestures, such as head nods for confirmation, reinforce the
importance of socially ingrained inputs. These findings stress the
need for flexible MR systems that support multiple, context-aware
gestures for hands-busy environments.

Several limitations should be acknowledged. Participants were
primarily university-affiliated, limiting generalizability to diverse
populations with varying MR familiarity, social and cultural back-
grounds, and professional expertise. Future research should incorpo-
rate users from industries such as manufacturing to capture broader
perspectives. Additionally, the controlled study environment with
the HoloLens 2 may not fully reflect real-world complexities, where
noise and social context can impact gesture performance [35]. Test-
ing gestures in dynamic, real-world settings could provide deeper
insights into environmental influences on MR interactions.

This study also explored only two constrained-hand scenarios.
In contrast, real-world constraints vary, such as using medical tools,
or wearing protective gear, and the many different ways of grasp-
ing objects which could change the experience. Different contexts
may affect gesture adoption, emphasizing the need for adaptable,
context-aware alternatives. While referents were chosen for task-
guidance relevance, additional actions warrant further exploration.

Not all user-defined gestures are feasible or reliably recognized
outside controlled environments. Moreover, high AgR may not
necessarily mean gestures are intuitive or self-revealing, nor do
they ensure seamless integration with existing MR interactions
(e.g., gaze-based pointing, air taps). Future work should, therefore,
explore strategies to enhance gesture recognition reliability and
mitigate usability challenges in real-world conditions. For instance,
exploring multimodal interactions, like integrating constrained
gestures with voice, eye-tracking, or virtual-touch controls, could
better help understand limitations and enhance adaptability in
constrained scenarios.

Further research should also investigate MR gestures in more
complex environments with dynamic constraints and varied tasks.
For example, longitudinal studies could reveal how user proficiency,
fatigue, and constrained gesture preference evolve over time, re-
fining MR system design. Additionally, Al-driven MR systems that
learn from user behavior could further optimize interactions, pre-
dicting intent and possibly reducing cognitive and physical strain.
By addressing these areas, MR systems can better accommodate real-
world constraints, ensuring low-effort and adaptable gesture-based
interactions that enhance usability across diverse applications.
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A Most Common Gesture Groups per Referent
And Scenario

Control (avg. AgR = .136)

One-Hand-Fixed (avg. AgR = .138)

Two-Hands-Busy (avg. AgR =.127)

Refinement (avg. AgR = .163)

Referent Gesture Count (AgR) | Gesture Count (AgR) Gesture Count (AgR) | Gesture Count (AgR)
ACCEPT/YES Thumb Up 9 (.221) Thumb Up 7 (.163) Head Nod 15 (.558) Head Nod 14 (.495)
DECLINE/NO Thumb Down 6(189) | pumb Down 6(163) Head Shake 15(558) | Head Shake 13 (442)
HELP Raise Hand 8(.153) Raise Hand 5 (.058) Raise Hand 3 (.026) Raise Hand 3(.021)
X Closed Fist
Closed Fist . . .
OPEN MENU Closed Pinch 4 (.068) Swipe Up 4(.095) Head Swipe Up 4(.047) Swipe Down 4 (.058)
Closed Pinch
Head Draw ’Circle’
SHOW ALL STEPS Swipe Down 5 (.084) Swipe R 4(.053) Hands Spread 2(.016) Hands Spread 3 (.026)
Head Circle
NEXT STEP Swipe L 11 (316) Swipe L 14 (484) Head Swipe L 5(.137) Swipe L 13 (432)
) : Head Tilt R . y
PREVIOUS STEP | Swipe R 11(316) | SwipeR 14 (:500) ?;;‘Sf;’ ipeR 4(111) Swipe R 13 (432)
CURRENT STEP Stop 4(053) i‘;’;péfp 3(042) Head Swipe Up 4(058) Tap On 4(042)
HIDE DISPLAY Point 8 (.184) Swipe Down 6 (.121) Head Swipe Down-L 5(.037) Swipe Down 4 (.063)
IDENTIFY Question Wave 7 (.116) Point 5(.074) Head Tilt Forward 4 (.058) Point 4(.053)
Head Swipe Up Thumb Up
VERIFY Draw Circle 3(.032) Thumb Up 3(.032) Knock On 2(.016) Tap On 2(.021)
Head Tilt L Tap On x2
DEMONSTRATE Go On 2(.021) N/A 0 (.000) Head Draw Circle 2 (.005) Draw Circle 3 (.016)
Go On Go On Tap On
ALTERNATIVE Draw X’ 2 (.016) Draw 'X’ 2(.011) Head Tilt R 2(.021) Go On 3(.021)
s i 1 s raw o
Draw ’Semi-Circle Draw "X’
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