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Abstract
Current augmented reality (AR) headset applications often fail to
consider users’ natural interaction preferences, which leads to un-
intuitive interfaces and increased user frustration. We conducted
an open-ended elicitation study with 30 adults to discover their nat-
ural interaction preferences in AR headsets. Participants proposed
first-choice and second-choice interactions for 17 3D virtual cube
actions (e.g., moving, rotating) using any interaction modality they
preferred (e.g., gesture, speech, etc.). We broke down the partici-
pants’ most common interactions for each cube action. We found
that while hand gestures were the overwhelming first choice (82%),
over half of all second choices (52%) involved a switch to a different
modality (e.g., from gesture to speech), highlighting a critical need
for interaction flexibility in AR headset applications. Additionally,
our open-ended approach uncovered interactions that go beyond
standard 3D commercial AR headset interactions, such as thinking,
blowing air, and air-drawing. Based on our findings, we contribute
an understanding of adults’ natural AR headset expectations for
3D virtual object manipulation that can inform future applications.

CCS Concepts
• Human-centered computing → Mixed / augmented reality;
Gestural input.
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1 Introduction
Augmented reality (AR) is an immersive technology that displays
virtual elements onto the real world [31]. AR headsets are becom-
ing a popular choice to interact with AR environments as they
provide increased user immersion and hands-free capabilities [21].
AR headsets are being used across multiple fields in which direct
manipulation of 3D virtual objects is often an essential feature. For
example, clinicians use AR headsets to manipulate 3D reconstruc-
tions of patient anatomy to rehearse procedures [7]. Similarly, in
manufacturing, AR headsets enable technicians to use hand gestures
to directly manipulate 3D holograms of mechanical workpieces to
learn complex assembly sequences [1]. Using hand gestures is one
of the most common ways to interact with AR headsets, as this
approach intuitively mirrors how people engage with the real world
[27]. Current AR headset applications often rely on an arbitrary
set of gestures for interactions. However, due to the high vari-
ability of gesture preferences across users [17], arbitrary gesture
sets frequently fail to match users’ natural expectations, leading to
unintuitive controls and frustration [14].

To combat these usability issues, researchers have started con-
ducting gesture elicitation studies with AR headsets (e.g., [24, 25,
35]) to build more user-defined interaction sets. Although gesture
elicitation has produced gesture sets that are more aligned with
user expectations, prior AR headset elicitation studies constrained
participants to a specific modality (e.g., gesture, speech) rather than
letting participants choose a modality, limiting the analysis of par-
ticipants’ modality preferences and modality switching behavior.
Additionally, the methodology utilized by previous elicitation stud-
ies is unable to capture participants’ unique interaction proposals
outside of standard modalities, preventing the study of participants’
natural expectations of AR headset technology. A study by Delgado
et al. [9] proposed an open-ended elicitation methodology for AR
headsets, which aimed to address some of the aforementioned limi-
tations. However, Delgado et al.’s methodology solely focused on
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analyzing the reasons behind user preferences (i.e., mental models),
and did not quantify participants’ proposed interactions. Therefore,
there are still open research questions about users’ modality pref-
erences and natural expectations in the AR environment, which
are critical for designing more intuitive AR headset applications.
We expand on prior work by adapting an open-ended elicitation
methodology to quantify participants’ diverse interaction proposals
and capture their natural modality preferences for foundational
virtual-object manipulations in AR headsets.

We conducted an open-ended elicitation study with 30 adults
in which they observed a 3D virtual cube perform 17 different
actions (e.g., moving, rotating, getting bigger, creating, selecting,
etc.) and proposed an interaction to replicate what they saw. We
opted for a virtual cube as its simple shape allows for a clearer
visual representation of actions such as rotation and scaling while
avoiding the preconceived associations participants might have
with more complex, recognizable objects. Additionally, prior AR
headset elicitation studies have used a virtual cube [2, 9, 15, 35],
making it an ideal choice to compare our results with prior work.

Our participants were free to use any interaction modality they
preferred (e.g., gestures, body, speech). Similar to prior elicitation
studies [9, 30], we collected a second interaction choice for each
action, which allowed us to uncover a more holistic picture of par-
ticipants’ intuitive behaviors. After completing the study sessions,
we quantified participants’ interactions through qualitative cod-
ing, resulting in a codebook with 1,017 participant interactions.
We classified participants’ interactions into different categories of
modalities (e.g., gesture, speech, body-based interaction), each en-
compassing multiple specific gestures or actions. We computed the
Agreement Rates (AR) and respective 95% bootstrapped confidence
intervals for all referents, following prior work [32, 33, 37].

We analyzed our codebook to uncover participants’ natural in-
teraction preferences and overarching trends. We found that hand
gestures were the overwhelmingly preferred first choice (82%), yet
over half of all secondary proposals (52%) involved a switch to an
entirely different modality (e.g., from gesture to speech) rather than
a variation within the same modality. This pattern highlights both
the diversity in participants’ interactions and a strong preference
for cross-modal flexibility. We also encountered many creative and
unexpected proposals that emerged from our open-ended approach,
such as using the mind to "think" the cube into existence or blowing
air to move, rotate, or enlarge the cube. Our work expands current
understanding of adults’ natural AR headset expectations and pro-
vides open research directions and design recommendations for
future AR headset elicitation studies and applications.

2 Related Work
Gesture Elicitation is a study design inwhich participants are shown
an effect (i.e., referent) and are asked to perform a gesture that
would replicate the effect [36]. By collecting input directly from
users, researchers can determine an appropriate set of gestures that
will be easier to learn, recall, and perform for users [36, 37]. Gesture
Elicitation has been used to improve various types of technologies
such as whole-body interfaces [5, 20], mobile devices [11], tabletop
computers [28, 37], as well as speech recognition [3]. Researchers

have also started to use elicitation to study how users interact with
AR headsets [15, 24, 25, 35, 38].

Piumsomboon et al. [25] conducted an AR headset elicitation
study, in which participants observed a virtual task animation (e.g.,
shrinking virtual car) and designed gestures suited to perform the
task. The authors reported that a majority of participants’ gestures
physically manipulated the virtual objects as if they were part of
the real world. Pham et al. [24] conducted an AR headset elicitation
study focused on analyzing users’ interactions with three different-
sized virtual objects: a miniature home model, a small city model,
and a full-scale room model. The authors found that differences in
the virtual object size and structure influenced participants’ inter-
action behaviors, such as using fingertips to pick up small objects.
Williams et al. [35] conducted an AR headset elicitation study, in
which participants saw a virtual cube perform different actions (e.g.,
moving, expanding), and were prompted to propose one interaction
per modality (i.e., gesture, speech, and gesture+speech), meaning
each modality was elicited in isolation rather than chosen freely
by participants. The authors found that the participants used ges-
tures to interact with the cube as if it were a real object, and their
proposed speech interactions were usually short commands. Li et
al. [15] conducted a closed AR headset elicitation study in which
participants were shown three pre-recorded videos, each demon-
strating a different candidate gesture, and were asked to perform
each demonstrated gesture. After replicating all three, participants
selected the gesture they preferred most. The authors found a pref-
erence for simple one-handed gestures for manipulation tasks and
one-handed pantomimic gestures for abstract tasks (e.g., create).

The aforementioned studies demonstrate the efficacy of elicita-
tion methodology for discovering user expectations with different
technologies. However, the methodology employed by these stud-
ies constrained participants to a single interaction modality at a
time (e.g., only doing gestures or speech), which fails to capture
whether users have specificmodality preferences andwhether those
preferences remain consistent across referent groups, and restricts
participants from proposing unique interactions that fall outside
of standard modalities. In a recent elicitation study, Delgado et
al. [9] worked to address the aforementioned limitations with the
use of open-ended interaction prompts. However, Delgado et al.
only analyzed participants’ mental models for why they thought
of certain interactions. We expand on prior work by utilizing an
open-ended elicitation approach that can better capture unique
interaction proposals, modality switching, and participants’ overall
interaction modality preferences across 17 virtual 3D cube actions.

3 Methodology
In our study, participants wore an AR headset and observed a 3D
virtual cube perform 17 different actions (i.e., referents), such as
moving upwards, and proposed an interaction to replicate what
they saw (Figure 1). To determine our referents, we analyzed prior
elicitation studies (e.g., [2, 9, 24, 35, 38]) and selected the 17 most
prevalent referents that could be applied to a cube-shaped virtual
object (Table 1). We chose a cube as its simple geometry communi-
cates actions like rotation without predisposing participants to a
specific type of interaction, and it allows us to better compare our
results with prior AR headset elicitation studies [9, 35].
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(A) (B) (C)

Figure 1: Participant’s point-of-view from AR Headset in
which they are: (a) grabbing and pushing the cube to Move
Right; (b) expanding both hands to make the cube bigger
(Bigger); (c) signaling the cube with two fingers toMove Up.

We classified our referents into three groups: (1) Translation for
movements of the cube; (2) Manipulation for changes to the cube’s
properties (e.g., scale or rotation); and (3) Abstract, for higher-level
or symbolic actions (Table 1). Our referent groupings were informed
by prior work on interaction taxonomies with AR headsets [9, 35].
We counterbalanced the order of the three referent groups between
participants to reduce ordering effects, while keeping the order of
referents within each group fixed.

Table 1: List of the 17 referents used in our study.

Group Referents

Translation Move (Up/Down)
Move (Left/Right)
Move (Towards/Away)

Manipulation Make (Bigger/Smaller)
Rotate (X/Y/Z) axis
Zoom (In/Out)

Abstract Create
Destroy
Select (One/Multiple)

Participants first filled out a short demographic survey and com-
pleted a short practice with the AR headset to get familiar with
the AR headset environment. During the practice, participants put
on the AR headset, observed the static virtual cube, and were free
to walk around while we verified equipment and headset fit. Our
virtual cube spawned in front of the participant’s eye line accord-
ing to their height. To provide a standardized starting point for
viewing each referent, we asked participants to stand on an X out-
lined on the floor while the referent was being shown. However, to
encourage unconstrained movement and physical expression, we
explicitly informed participants that after the referent was shown,
they were free to move around to perform their proposed interac-
tion. Each referent was played once initially; however, participants
were allowed to ask the researcher to repeat the referent.

A goal of our methodology was to avoid constraining partici-
pants’ proposals; therefore, we informed them at the beginning of
the study that they could interact with the cube in any way they
desired to replicate what they saw. For the main part of the study,
participants would see the cube complete a referent, and we would
ask them: "How would you make the cube [current referent, e.g., Move
Down] like you saw?" for which they answered by performing an

interaction (e.g., hand gesture, verbal command). We then asked:
"Why did you want to [Move Down] the cube like that?" We utilized
open-ended prompts to encourage participants to naturally explore
their interaction and modality preferences.

After participants proposed their interaction and explained their
reasoning, we asked them to rate their proposal from 1 to 5 based
on Goodness of Fit ("The interaction I picked is a good match for
its intended use") and Ease of Use ("The interaction I picked is easy
to do"), which is consistent with prior work [9, 30, 37]. We then
repeated the same process to record participants’ second choice, a
standard practice in gesture elicitation studies [9, 30]. Importantly,
participants were free to propose a second interaction using the
same modality as their first choice (e.g., two different hand gestures)
or to switch to an entirely different modality (e.g., from gesture
to speech). We did not prompt participants to change modalities,
preserving the open-ended nature of the study. Each study lasted
for around 60 minutes and was conducted in a spacious room that
allowed for participants’ unconstrained movement. Our study was
also a within-subject study (i.e., participants saw all referents).

We recorded the participants’ point-of-view from the headset,
external audio, and external video. Our research protocol was ap-
proved by our Institutional Review Board, and each participant was
compensated $40. We based our study design on the methodology
used by Delgado et al. [9], as they focused on designing open-ended
prompts to yield more natural responses from participants. How-
ever, while Delgado et al. focused on examining participants’ mental
models, our paper expands on their study design to allow a more
in-depth analysis of participants’ interaction proposals.

3.1 Participants
We recruited 30 adults between the ages of 18 and 54 (M=31.4,
SD=12), 13 females and 17 males. A total of 27 participants self-
reported they were right-handed, and 18 out of 30 had previous
experience with VR headsets (e.g., Meta Quest, Oculus, Google
Cardboard), typically from VR gaming (e.g., golf simulation, arcade
games). We only had one person self-report AR headset experience
from having volunteered for another AR research study in the past.

3.2 Equipment and Software
We used a Magic Leap 2 [16] AR headset as it is lightweight and
ideal for extended use. The headset has a FoV of 45H × 55V (70D)
and a 1440 × 1760 resolution per eye. To display the cube, we
created an application usingUnity version 2022.3.22f1 and theMagic
Leap 2 SDK [16]. We included a scoreboard in our application to
increase engagement. The application spawned a virtual cube with
10-centimeter (cm) sides approximately 60 cm away from the front
of the headset. All cube motions remained within the headset’s FoV
to keep the cube fully visible to the participant. Further details and
referent animations are included in Supplementary Materials.

4 Data Analysis
4.1 Qualitative Coding
We analyzed participants’ video-recorded interactions through qual-
itative coding (i.e., codebook model), a method for categorizing
interaction properties based on a collaboratively developed set of
descriptive codes [33]. Our codebook was informed by prior work
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Table 2: Example codes used to describe each interaction modality. Code acronyms are represented in parenthesis, such as the
code (PSH) representing the action Push. See the Supplementary Materials for full coding document.

Interaction Modality Attribute Example Codes

Gesture (G) Number of Hands
Arm Movement
Hand Gestures
Hand Actions

One Hand (1), Two Hands (2)
Left (L), Right (R), Up (U), Down (D)
One Finger (ONEF), Two Fingers (TWOF), etc.
Push (PSH), Grab (GRB), Pinch (PIN), Craft (CRF), etc.

Speech (S) Speech Commands Single Word (SW), Multi Word (MW), etc.

Body (B) Movement Direction Approach (A), Retreat (RR), Left (L), Right (R)

Eye (E) Movement Direction
Facial Gestures

Eye Left (EL), Eye Right (ER), Eye Up (EU), Eye Down (ED)
Eye Blink (EB), Eye Gaze (EG)

Head (H) Movement Direction Head Left (HL), Head Right (HR), Head Up (HU), etc.

Other (O) Interaction Explanation O:Thinking, O:Air Blow, etc.

on user-driven elicitation [26], multimodal interactions [35], and
gesture elicitation techniques in augmented reality, virtual reality,
and other technologies [10, 13, 24].

We coded participants’ interactions based on six interaction
modalities (i.e., Gesture, Speech, Body, Eye, Head, Other), with each
modality having its own set of attributes (see Table 2 for more
details): (1) Gesture interactions were defined as any movement
of a bodily limb with the intention to complete the referent. We
included codes for left and right arm movement, if they used one
or two hands, as well as finger position (e.g., coding ONEF for a
one-finger interaction) and intended action (e.g., coding "Push"
(PSH) for a hand push) for each hand; (2) Speech interactions were
defined as words/commands that come from the participant to com-
plete the referent. We coded the verbatim utterance and the speech
command type (single-word, multi-word, complete sentence); (3)
Body interactions were defined as those in which the participant’s
body physically moved to another position to complete the referent;
we also coded the direction of movement (e.g., coding "Approach"
(A) if the participant approached the cube); (4) Eye interactions
were coded when the participant specifically mentioned that they
would use eye movement to complete the referent. We coded eye
blink, gaze, and eye movement direction; (5) Head interactions were
coded when the participant specifically mentioned that they would
use their head to complete the referent; we also coded the head’s
movement direction; and (6) Other for when the interaction did not
fit any aforementioned modality. Our coding approach allowed for
capturing multimodal interactions (e.g., combining a Gesture with a
Speech command; coded as G+S). For a full breakdown of all codes,
see Supplementary Materials.

To establish a clear coding baseline, our research team first coded
a participant (P1) together. Subsequently, the first five authors in-
dividually coded a non-overlapping subset of the remaining 29
participants (approximately 5–6 participants each). Throughout the
coding process, we held weekly meetings to discuss edge cases, re-
solve disagreements through group consensus, and refine codebook
definitions. When disagreements arose, we discussed the specific
interaction until a unanimous interpretation was reached, and sim-
ilar prior codes were revisited for consistency. Since our coding
approach focused on group collaboration and discussion, we did

not compute inter-rater reliability. Our iterative coding process
allowed us to discuss and capture the semantic nuance of complex
interactions that might be lost in a strictly independent coding
protocol. Our initial codebook contained 1,020 potential entries
(30 participants × 17 referents × 2 choices). We removed 3 entries
due to missing data points, yielding 1,017 coded interactions. We
then filtered out 10 interactions with a low average rating score
(average ≤ 3) for the Goodness of Fit and Ease of Use statements
(which all ended up being second-choice entries), as a low score
indicated that the participant did not fully consider the interaction
as a viable option. Our final dataset contained 1,007 interactions
(510 first choices, 497 second choices).

4.2 Agreement Rates
After qualitatively coding the data, we used the Pandas Python
library [22] to filter and process our data for quantitative analysis.
We defined equivalence at the level of coded proposals: two pro-
posals agreed if they matched on interaction modality (e.g., G, S, B,
G+S) and action code for that modality (e.g., push, pull, grab, tap).

To quantify the degree of consensus among participants regard-
ing their preferred interactions for each referent, we calculated the
Agreement Rate (AR) and its respective 95% bootstrapped confi-
dence interval (see Table 3), as established by prior work [32, 33, 37].
Note that AR measures the consensus among participants’ pro-
posed interactions for a given referent, not the inter-coder reliability
of the research team. We show the formal definition for a single
referent 𝑟 in Equation 1, where 𝑃 is defined as the set of all interac-
tion proposals for referent 𝑟 , and 𝑃𝑖 are the subsets of equivalent
proposals from 𝑃 . We also referenced the source code from the
AGATe 2.0 tool (AGreement Analysis Toolkit) to compute AR [32].
Although the final set of codes observed in our data is finite, our
codebook structure allowed for an infinite set of descriptive codes
for each category (e.g., any novel interaction could emerge and
be coded under "Other"). Following Vatavu and Wobbrock’s [33]
guidance, we therefore did not correct AR for chance agreement,
as it assumes a finite, pre-defined set of response categories.

𝐴𝑅𝑟 =

∑
𝑃𝑖⊆𝑃

1
2 |𝑃𝑖 | ( |𝑃𝑖 | − 1)

1
2 |𝑃 | ( |𝑃 | − 1)

(1)
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Table 3: Agreement Rate AR for first and second choices,
with 95% bootstrapped confidence intervals (CIs). Cells are
colored by agreement level (higher is better): red for low (≤
.100), yellow formedium (.100−.300), green for high (.300−.500),
and light-blue for very high (> .500) [32].

Referent 1st Choice AR (95% CI) 2nd Choice AR (95% CI)

Move Up 0.202 (0.124 – 0.379) 0.136 (0.101 – 0.264)
Move Down 0.269 (0.166 – 0.483) 0.110 (0.085 – 0.223)
Move Left 0.377 (0.239 – 0.595) 0.103 (0.080 – 0.223)
Move Right 0.292 (0.168 – 0.494) 0.113 (0.085 – 0.234)
Move Towards 0.315 (0.239 – 0.485) 0.189 (0.143 – 0.310)
Move Away 0.315 (0.207 – 0.517) 0.170 (0.115 – 0.326)
Destroy 0.115 (0.083 – 0.246) 0.115 (0.083 – 0.244)
Make Bigger 0.292 (0.221 – 0.437) 0.092 (0.076 – 0.191)
Make Smaller 0.280 (0.186 – 0.471) 0.140 (0.101 – 0.262)
Rotate (X) 0.260 (0.154 – 0.453) 0.163 (0.111 – 0.300)
Rotate (Y) 0.297 (0.182 – 0.501) 0.143 (0.097 – 0.280)
Rotate (Z) 0.398 (0.234 – 0.639) 0.239 (0.165 – 0.401)
Zoom In 0.166 (0.120 – 0.299) 0.117 (0.094 – 0.230)
Zoom Out 0.115 (0.090 – 0.228) 0.079 (0.071 – 0.170)
Create 0.189 (0.124 – 0.329) 0.186 (0.101 – 0.370)
Select One 0.294 (0.177 – 0.506) 0.080 (0.076 – 0.168)
Select Multiple 0.372 (0.230 – 0.591) 0.099 (0.078 – 0.205)

Overall Avg. 0.267 0.134

5 Results
Our analysis is based on 1,007 (510 first choices, 497 second choices)
participant interactions. We first present the overall distribution
of interaction modalities and then detail the specific interactions
and agreement rates for each of the three referent groups (i.e.,
Translation, Manipulation, Abstract). See Table 4 for the modality
distribution of participants’ proposals across referent groups.

5.1 Overall Interactions
Gesture interactions were the most preferred modality, compris-
ing the vast majority of responses (71.4%, 𝑛 = 719/1007), followed
by speech (20.6%, 𝑛 = 207/1007). A majority of gestures (91.9%,
𝑛 = 661/719) involved physically manipulating the cube. Partici-
pants had confidence in their interaction proposals, reflected in the
high average ratings for Goodness of Fit (𝑀 = 4.53/5, 𝑆𝐷 = 0.72)
and Ease of Use (𝑀 = 4.61/5, 𝑆𝐷 = 0.65). A Kruskal-Wallis test
found no significant differences for Goodness of Fit, but revealed
a significant divergence in Ease of Use for the Translation group
(𝐻 = 20.35, 𝑝 = 0.005). Descriptive statistics indicate this vari-
ance was driven by higher ratings for single-modality gestures
(𝑀 = 4.75, 𝑆𝐷 = 0.49) compared to hybrid interactions such as
Gesture+Eye or Gesture+Body (𝑀 = 4.00, 𝑆𝐷 = 1.00).

We observed a high degree of modality switching between first
and second choices. Of the 497 instances in which participants
provided two choices, 52.1% (𝑛 = 259) involved a switch to a dif-
ferent modality. The most dominant switching pattern was from
gesture to speech, accounting for 50.6% (𝑛 = 131/259) of all switches,
whereas the reverse switch occurred less frequently (19.7%, 𝑛 =

51/259). Modality switching was consistent across referent groups,
with Translation showing the highest switching rate at 53.9% (𝑛 =

97/180), followed by Manipulation (51.2%, 𝑛 = 103/201) and Ab-
stract (50.9%, 𝑛 = 59/116).

Overall agreement for first choices was AR=0.267, which is a
medium level of agreement [32]; agreement decreased for second
choices (AR=0.134), as participants proposed more diverse interac-
tions (e.g., walking, thinking, air blowing). Per-referent agreement
rates and top two most common interactions are listed in Tables 3
and 5, respectively. In the following sections, we discuss referent-
specific agreement rates and the interactions that drove them.

5.2 Translation Referent Group
For all translational referents, gestures were the dominant modality
(70.6%, 𝑛 = 254/360), followed by speech (18.1%, 𝑛 = 65/360), most
of which were second choices (72.3%, 𝑛 = 47/65). We also saw an
increased use of eye and head interactions for translation referents
compared to the manipulation and abstract referents.

Both Move Up and Move Down had a medium level of agreement
(AR = 0.202 and AR = 0.269). The most prevalent gesture for
Move Up was an upwards pushing motion (50.0%, 𝑛 = 22/44), fol-
lowed by grabbing the cube and pushing it up (13.6%, 𝑛 = 6/44).
Three participants proposed symbolic gestures, such as drawing an
upward arrowmid-air, pointing up to signal the cube (Figure 1), and
fanning under the cube to generate an upward wind gust. ForMove
Down, the dominant gesture was a downwards pushing motion
(50.0%, 𝑛 = 22/44), followed by grabbing the cube and pushing
it down (13.6%, 𝑛 = 6/44). Two participants performed a mid-air
phone-scrolling motion with their index finger to move the cube
down. Speech followed an <Action> <Direction> <Distance> struc-
ture (e.g., "Move Up [X Distance]") and was predominantly a second
choice for both referents.

Move Left showed the second-highest agreement of all referents
(AR=0.377), with a right-handed leftwards push as the dominant
gesture (50.0%, 𝑛 = 21/42), followed by grabbing and pushing
left (21.4%, 𝑛 = 9/42). Move Right also showed solid agreement
(AR=0.292), with a left-handed push in a rightwards direction
being the dominant gesture (40.5%, 𝑛 = 17/42). Speech for both
referents followed the <Action> <Direction> <Distance> structure
(e.g., "Move Left [X Distance]", "Move Right [X Distance]") and was
predominantly a second choice.

Both Move Towards and Move Away elicited high agreement
(AR=0.315 each). For Move Towards, the most common gesture
was grabbing the sides of the cube and pulling it towards the body
(52.2%, 𝑛 = 24/46), followed by pulling the cube from its back
side (30.4%, 𝑛 = 14/46). We also observed one participant using

(A) (B) (C)

Figure 2: Examples of participants’ interactions, in which
they are: (A) pulling an imaginary string to move the cube
towards them (Move Towards); (B) simulating an erasing mo-
tion with their hand to Destroy the cube; (C) contouring the
cube’s shape (i.e., crafting) to Create the cube.
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Table 4: Modality distribution of participants’ proposals across referent groups. Combinations with only one proposal (E+H+B
for Rotate (X), G+H forMove Right, and S+H for Select Multiple) are omitted for brevity. Entries represent the total count of
participant proposals (first choice, second choice) for each modality, with 60 entries per referent (30 participants × 2 choices).
Referents with a total <60 are due to data filtering and/or missing data points.

Group Referent Total Gesture (G) Speech (S) Body (B) Eye (E) Head (H) G+B E+H Other (O) G+E G+S

Move Up 60 44 (26, 18) 9 (3, 6) - 4 (1, 3) 1 (0, 1) - 2 (0, 2) - - -
Move Down 60 44 (27, 17) 11 (2, 9) - 1 (1, 0) 2 (0, 2) - 2 (0, 2) - - -
Move Left 60 42 (27, 15) 10 (1, 9) 1 (0, 1) 2 (1, 1) 3 (0, 3) - 1 (1, 0) - 1 (0, 1) -
Move Right 60 40 (27, 13) 11 (1, 10) 1 (0, 1) 2 (1, 1) 4 (1, 3) - - - 1 (0, 1) -
Move Towards 60 46 (24, 22) 11 (5, 6) 3 (1, 2) - - - - - - -

Translation

Move Away 60 38 (22, 16) 13 (6, 7) 2 (1, 1) - - 5 (1, 4) - 1 (0, 1) 1 (0, 1) -

Make Bigger 60 47 (27, 20) 12 (3, 9) - 1 (0, 1) - - - - - -
Make Smaller 59 47 (27, 20) 12 (3, 9) - - - - - - - -
Rotate (X) 58 44 (26, 18) 11 (2, 9) 1 (1, 0) - - 1 (1, 0) - - - -
Rotate (Y) 60 44 (29, 15) 10 (0, 10) - - 1 (1, 0) 2 (0, 2) 1 (0, 1) 2 (0, 2) - -
Rotate (Z) 57 42 (27, 15) 14 (2, 12) - - - 1 (1, 0) - - - -
Zoom In 59 36 (20, 16) 16 (7, 9) 6 (3, 3) - - - - - 1 (0, 1) -

Manipulation

Zoom Out 58 36 (18, 18) 13 (8, 5) 7 (3, 4) - - 1 (1, 0) - - 1 (0, 1) -

Create 58 38 (18, 20) 15 (11, 4) - 1 (1, 0) - - - 2 (0, 2) - 2 (0, 2)
Destroy 60 43 (24, 19) 16 (5, 11) - - - - - - - 1 (1, 0)
Select One 60 44 (26, 18) 11 (3, 8) - 4 (1, 3) - - - - - 1 (0, 1)Abstract

Select Multiple 58 44 (25, 19) 12 (5, 7) - - - - - - - 1 (0, 1)

Total 1007 719 (420, 299) 207 (67, 140) 21 (9, 12) 15 (6, 9) 11 (2, 9) 10 (4, 6) 6 (1, 5) 5 (0, 5) 5 (0, 5) 5 (1, 4)

a beckoning finger gesture and another miming the pulling of an
imaginary string to move the cube towards them (Figure 2A). For
Move Away, a pushing motion was the clear preference (71.1%, 𝑛 =

27/38), followed by grabbing the cube with one hand before pushing
it (13.2%, 𝑛 = 5/38). Speech followed the <Action> <Direction>
<Distance> structure (e.g., “Come Forward [X Distance]”).

5.3 Manipulation Referent Group
Gestures were the preferred modality for all manipulation referents
(72.0%, 𝑛 = 296/411), followed by speech (21.4%, 𝑛 = 88/411) and
body interactions (3.4%, 𝑛 = 14/411).

Agreement rates for making the object Bigger (AR=0.292) and
Smaller (AR=0.280) were both high. The most common gesture
for Bigger was a two-handed pulling-apart motion (34.0%, 𝑛 =

16/47), typically using the index finger and thumb of each hand to
pinch the corners of the cube and pull from opposite ends. Creative
responses included one participant opening their eyes wide at the
cube, another drawing a shaded cube outline with their finger to
indicate a size increase, and one blowing air into the cube like
blowing up a balloon. Speech (20.0%, 𝑛 = 12/60) followed <Object>
<Action> (e.g., "Cube Bigger") or <Action> <Measurement> (e.g.,
"Increase by 5%") structures. For Smaller, a pinching motion was
most frequent (36.2%, 𝑛 = 17/47), followed by pushing the sides of
the cube together with both hands (23.4%, 𝑛 = 11/47). Interestingly,
one response involved using the right hand to mimic erasing part
of the cube to make it appear smaller (Figure 2B). Speech was
predominantly a second choice for both referents.

The rotational referents elicited the highest agreement rates in
the study, likely due to participants drawing on gestures for rotating
real-world objects (Figure 3). Rotate Z achieved the highest agree-
ment of all referents (AR=0.398), followed by Rotate Y (AR=0.297)
and Rotate X (AR=0.260). For Rotate X, 52.3% (𝑛 = 23/44) of ges-
tures involved grabbing the bottom of the cube and performing
a clockwise turn. We saw a unique body positioning strategy for

Rotate X, in which one participant walked in a semi-circle around
the cube to replicate the cube’s horizontal rotation. For Rotate Y,
the most common gesture was grabbing the side of the cube with
one hand and rotating it vertically away from the body (45.7%,
𝑛 = 21/44). We observed two instances in which participants blew
air towards the cube to tilt the cube backwards. For Rotate Z, the
preferred gesture was a grab and counter-clockwise turn gesture
(61.9%, 𝑛 = 26/42), similar to loosening a valve. Speech followed
the <Action> <Direction> structure (e.g., "Rotate Clockwise") and
was largely a second choice for all rotation referents (see Table 4).

In contrast to the rotation tasks, zoom referents showed a lower
consensus, with AR=0.166 for Zoom In (i.e., cube gets bigger and
moves closer) andAR=0.115 for Zoom Out. The dominant gestures
generally used two or more fingers, with a pinch-out motion for
Zoom In (41.7%, 𝑛 = 15/36) and a pinch-in motion for Zoom Out
(33.3%, 𝑛 = 12/36). We also observed increased body modality
use, with participants walking closer to the cube to Zoom In (𝑛 =

6) and away to Zoom Out (𝑛 = 7). Speech followed an <Action>
<Direction> format (e.g., "Zoom In", "Zoom Out").

5.4 Abstract Referent Group
While gestures remained the primary choice for abstract referents
(71.6%, 𝑛 = 169/236), speech saw its highest use out of all referent
groups (22.9%, 𝑛 = 54/236).

Figure 3: Figure illustrations for the most common gesture
used for the Rotate X/Y/Z referents.
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Table 5: Most common first and second proposed interactions for each referent. Multiple interaction proposals with equal
occurrence are separated by a vertical bar symbol (|). MW denotes multi-word speech commands.

Referent First Most Common Interaction Second Most Common Interaction

Move Up Upward push Speech MW (e.g., "Move Up [X Distance]")
Move Down Downward push Speech MW (e.g., "Cube Move Down")
Move Left Leftward push Grab/leftward push | Speech MW (e.g., "Move Left [X Distance]")
Move Right Rightward push Speech MW (e.g., "Move Right [X Distance]")
Move Towards Grab and pull Pull | Speech MW (e.g., "Come Forward [X Distance]")
Move Away Forward push Speech MW (e.g., "Move Away [X Distance]")
Make Bigger Pull apart with two hands Pinch-out
Make Smaller Pinch-in Pushing opposite sides together (i.e., squishing)
Rotate (X) Grab and rotate clockwise Speech MW (e.g., "Rotate Left [X Degrees]")
Rotate (Y) Grab and rotate away from the body Speech MW (e.g., "Rotate Up")
Rotate (Z) Grab and rotate counter-clockwise Speech MW (e.g., "Rotate Counter Clockwise")
Zoom In Pinch-out Speech MW (e.g., "Zoom In")
Zoom Out Pinch-in Speech MW (e.g., "Zoom Out")
Create Craft (i.e., contouring cube’s outline) Speech MW (e.g., "Create a Cube")
Destroy Forceful push (i.e., punching) Speech MW (e.g., "Remove Cube")
Select One Tap Speech MW (e.g., "Select Cube")
Select Multiple Tap Speech MW (e.g., "Select Cube 1, Select Cube 3")

Create elicited a diverse set of interactions, resulting in a rela-
tively low agreement rate (AR=0.189). The most prevalent gesture
involved using two hands to "craft" or outline the shape of the
3D cube in mid-air (55.3%, 𝑛 = 21/38) (Figure 2C), followed by
finger snapping (5.3%, 𝑛 = 2/38) and two instances of drawing a
2D square in mid-air using one finger. Interestingly, we observed
two instances of "thinking" the cube into existence. Speech (25.9%,
𝑛 = 15/58) followed an <Action> <Object> structure (e.g., "Create
a Cube"). For Create, 𝑛 = 11/15 of the speech interactions (73.33%)
were performed during the participants’ first-choice proposal.

Destroy had one of the lowest agreement rates (AR=0.115), with
a preference for a forceful pushing/punching motion (41.9%, 𝑛 =

18/43), followed by finger snapping (7.0%, 𝑛 = 3/43). Creative
gestures included erasing the cube similar to erasing a whiteboard
(𝑛 = 2), drawing an X in mid-air (𝑛 = 2), forming an X with their
arms (𝑛 = 1), flicking the cube away (𝑛 = 2), and swiping the cube
away (𝑛 = 2). Destroy saw the highest speech use of all referents
(26.7%, 𝑛 = 16/60) following the <Action> <Object> structure (e.g.,
"Delete the Cube") and being predominantly a second choice.

In contrast, selecting objects showed strong agreement. Select
One (AR=0.294) and Select Multiple (AR=0.372) both demonstrated
high consensus, with index finger tapping as the preferred gesture
(45.5%, 𝑛 = 20/44 and 50.0%, 𝑛 = 22/44, respectively). One partic-
ipant turned their head toward each cube to select them. Speech
(18.3% for Select One; 20.7% for Select Multiple) followed an <Action>
<Object> syntax (e.g., "Select Cube 1, Cube 3").

6 Discussion
Consistent with prior AR headset elicitation studies with both
adults and children [8, 9, 24, 25], the majority of our participants
preferred gestures that physically manipulated the virtual cube as
if it were a real object (i.e., direct manipulation). This finding can be
explained through Hutchins et al.’s [12] direct manipulation frame-
work. Hutchins et al. studied two underlying phenomena that elicit
a feeling of directness in users: (1) minimizing the cognitive distance

between the user’s intention and the action required by the system,
and (2) providing object representations that behave as if they are
the objects themselves. Both principles were reflected in Delgado
et al.’s [9] mental model analysis of AR headset interactions, in
which participants chose interactions they believed required less
effort and expected the virtual cube to respond to physical forces
like a real-world object. We acknowledge that the spatial nature of
our referents (e.g., translation, rotation, scaling) likely contributed
to gesture dominance as a first-choice modality, as spatial refer-
ents naturally exhibit low cognitive distance between intention
and action when performed through gesture [29]. However, this
preference was not absolute, as our results revealed that even for
inherently spatial referents, a meaningful subset of participants
(13.1%) preferred speech.

While gesture dominance was broadly consistent with prior
work, we found significant differences in the form of proposed
interactions for abstract referents. For the Create referent, Williams
et al. [35] and Zhou et al. [38] both reported the most elicited
interaction to be a "bloom" gesture, which is also the standard
gesture for opening menus in the Microsoft HoloLens 1 [18]. We
found that none of our participants elicited the bloom gesture for
Create, instead opting to craft the cube (i.e., contouring cube’s
outline). This discrepancy is likely due to the fact that only 1 of our
participants (out of 30) had used an AR headset before, compared to
45.8% (n=11/24) and 12.5% (n=3/24) of the participants inWilliams et
al.’s and Zhou et al.’s studies. For Destroy, our participants preferred
a forceful pushing/punchingmotion, which contrasts withWilliams
et al.’s reported swiping gesture and Zhou et al.’s pointing gesture.

We found that proposed speech commands followed a simple
syntactic structure (e.g., <Action> <Direction> <Distance> forMove
Up), similar to prior work [35, 38]. However, in our study, speech
commands for abstract referents had an increased mention of the
<Object> parameter, which differs from Williams et al. [35], who
found that the <Object> parameter in speech commands was a rare
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occurrence. The explicit reference of the object could be beneficial
for abstract tasks that involve the creation or selection of an object.

Prior AR headset elicitation studies [35, 38] explicitly prompted
participants to propose Gesture+Speech interactions. In contrast,
Gesture+Speech interactions were largely absent in our open-ended
study (0.5%, 𝑛 = 5/1007), appearing only in the abstract referent
group. This suggests that while users can perform multimodal in-
teractions when prompted, they do not intuitively default to them
when given freedom. This behavior aligns with Khurana et al. [14],
who found that novice AR headset users often lack robust mental
models for AR interactions, relying instead on legacy metaphors
(e.g., 2D touchscreens) that typically favor unimodal input. Conse-
quently, the absence of Gesture+Speech in our study likely reflects a
discoverability gap rather than a lack of utility. Future work should
research design strategies that can connect users’ legacymen-
tal models with AR’s multimodal capabilities.

Our open-ended elicitation approach allowed for participants to
propose a range of interactions (e.g., body, head, eyes) that previ-
ous AR headset elicitation studies were unable to capture due to
modality and interaction constraints in their methodology. This
interaction and modality freedom led to participants proposing a
variety of unique and interesting interactions, such as using their
hand to "fan under the cube" to generate an upwards wind gust that
would move the cube up, blowing air on the cube to make it bigger,
using one finger to draw a 2D square in mid-air to create the cube,
or using their minds to "think" the cube into existence. Our findings
highlight that participants often think beyond the standard interac-
tions offered by commercial AR headsets (e.g., grab virtual objects
using air tap for the Microsoft HoloLens 2 [19]) and expect different
interactions with the technology.We recommend the adoption
of an open-ended methodology for future elicitation studies,
as it better captures participants’ natural expectations.

We found that participants consistently used a variety of modal-
ities (gestures, speech, eye, head, body, etc.) to interact with the
virtual cube across all referent groups. Furthermore, over half of
all second-choice proposals (52%) involved a switch to a different
modality, indicating that, as a fallback mechanism, participants
often preferred switching modalities rather than proposing an al-
ternative interaction within the same modality. Therefore, future
AR headset applications should accommodate interaction
flexibility to better align with users’ expectations.

An important consideration when asking for a second-choice
interaction for each referent is whether it may have biased par-
ticipants toward proposing a deliberately different modality. Our
quantitative results showed that 47.9% of second-choice proposals
remained within the same modality as the first choice, indicating
that participants did not uniformly default to switching modalities.
We believe that the observed switching rate more likely reflects a
cross-modal fallback preference than a methodological artifact.

In further analysis of modality switching behavior, we found
that speech was proposed more frequently as a primary modality
for abstract referents. This increased use of speech for abstract ref-
erents is consistent with the direct manipulation framework [12],
as abstract tasks such as Create and Destroy do not map naturally
onto physical actions the way spatial tasks do. More broadly, Cha
et al. [4] investigated how usage context influences users’ modal-
ity selection (i.e., gesture and speech) in three different contexts

(reading, watching, driving). The authors identified the existence
of a threshold of physical and mental effort in which users start to
prefer one modality over the other, with the threshold amount vary-
ing according to context. Our participants’ preference for modality
switching and increased use of speech for abstract referents in AR
headsets outlines future research directions to determine what
contexts and factors trigger modality switching.

7 Limitations & Future Work
There are limitations to the scope of our work. Although we had
a good balance between the number of female (𝑛 = 13) and male
(𝑛 = 17) participants, we did not analyze whether there were any
interaction differences based on gender or other demographic fea-
tures. Future work should investigate whether variables such as
gender, age, or cultural background influence modality preferences.
While 30 participants may seem small, it is consistent with prior
work [6, 9, 20, 23, 34, 35]. Participants viewed a 3D virtual cube
performing 17 simple referents in a quiet lab setting; real-world AR
introduces environmental factors (e.g., ambient noise, social con-
text, crowd density) that may affect perceived modality suitability.
Future work should examine more complex referents and objects
for different interaction contexts and environmental factors. Fur-
thermore, we did not examine how AR-specific perceptual factors
(e.g., FoV constraints, occlusion, depth perception) could influence
users’ expectations. Future work could analyze if these factors sig-
nificantly influence users’ expectations in AR headsets. In addition,
future work can evaluate the participants’ proposed interactions in
terms of usability, effectiveness, and cognitive workload.

8 Conclusion
Although AR headsets are increasingly being used in a wide range
of contexts (e.g., education, medicine), AR headset applications of-
ten fail to consider users’ natural interaction preferences, which can
increase user frustration. We conducted an open-ended AR headset
elicitation study with 30 adults in which they proposed interactions
for 17 virtual cube actions (e.g., moving, rotating) using any interac-
tion modality they preferred (hands, body, voice, etc.). Compared to
prior work, we observed more variation in participants’ proposed
interactions (e.g., blowing on the cube, eye/head/body movement).
While hand gestures were the preferred first choice (82%), over half
of all second choices (52%) involved a switch to a different modality,
underscoring the importance of designing AR interfaces that sup-
port seamless modality switching to accommodate user preferences,
accessibility needs, and situational constraints. We also found that
speech use increased for abstract referents in which gesture loses its
articulatory advantage, suggesting that modality preferences could
be task-dependent rather than fixed. We contribute an empirical
foundation of adults’ natural AR interaction preferences and a set
of design recommendations grounded in these preferences.
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