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Abstract
Objective: This study aims to investigate how information processing tasks can be performed by 
hand-based gestures in immersive environments and to identify usable gesture designs.
Background: With advances in display and interaction technologies, immersive environments 
have evolved to support productivity-oriented activities, in which information processing plays a 
critical role. However, performing such tasks in immersive environments remains challenging and 
calls for intuitive interaction techniques aligned with users’ cognitive processes. Gestures offer a 
promising approach by allowing users to externalize and manipulate information through bodily 
actions.
Methods: Using 19 cognitive processes outlined in the revised Bloom’s taxonomy as repre
sentative information processing tasks, a gesture elicitation study with 15 participants explored 
how these tasks could be mapped to hand-based gestures (Study I). The resulting candidate 
gestures were subsequently validated and evaluated with 20 participants using a combination of 
objective and subjective measures (Study II).
Results: Study I produced an initial set of 32 candidate gestures, which were validated and 
evaluated in Study II. Four recurring mapping strategies were identified: linguistic-symbolic, 
spatial-manipulative, metaphoric, and social-conventional mappings. A consolidation model was 
then introduced to identify a recommended set of 20 gestures based on their performance across 
multi-dimensional measures.
Conclusions: Information processing tasks can be translated into usable hand-based gestures. 
Future gesture design should treat information as an interactive entity while carefully considering 
ergonomics, semantic expressiveness, and gesture similarity to improve usability.
Applications: The recommended gestures, mapping strategies, and design considerations can 
inform the gesture design for immersive systems that involve information processing tasks.
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Introduction

With advances in display and interaction 
technologies, immersive environments (i.e., 
virtual reality and augmented reality [VR, AR]) 
are increasingly used to support productivity- 
oriented activities, such as work and learn
ing (Luo et al., 2025; Yang et al., 2021, 2022), 
where information processing is a critical 
activity. Information processing underpins 
important human cognitive abilities such as 
knowledge construction, problem solving, and 
decision making (Eggen, 2020). Immersive 
environments have shown promise in sup
porting information processing tasks such as 
web browsing, sensemaking, and immersive 
analytics (Ichsan et al., 2025; Lisle et al., 
2021; Skarbez et al., 2019; Toyama et al., 
2018). More fundamentally, research has 
shown that immersive environments can fa
cilitate the underlying cognitive processes of 
intellectual activities, including information 
structuring, synthesis, and memorization (Yang 
et al., 2021, 2022). Such benefits  have been 
attributed to the spatial and embodied affor
dances of immersive environments, which 
facilitate a more engaging experience and 
enhance the ways information is perceived, 
organized, and acted upon (Arms et al., 1999; 
Krokos et al., 2019; Ragan et al., 2012; Yang 
et al., 2021). Overall, immersive environ
ments show great potential for supporting 
information processing and represent a grow
ing area of research.

However, immersive environments also 
introduce challenges for information pro
cessing. First, information can be more 
difficult to read in immersive environments 
due to a constrained field  of view and 
limited resolution. Improved readability 
through spatially partitioned information 
layouts requires correspondingly evolved 
interaction techniques to match this seg
mented approach to presentation. Second, 
cognitive processing of information, such 
as comprehension and reasoning, can be 
more difficult  in immersive environments. 
This is attributed to difficulty in text entry, 
selection, and editing. Many prior studies 

have sought to address this challenge by 
exploring interaction techniques that are 
more natural than predefined  hand- or 
controller-based input (Dudley et al., 2024), 
leveraging modalities such as gaze, voice, and 
head motion (Lee et al., 2022; Monteiro et al., 
2021). Yet, these solutions do not directly 
support the diverse cognitive tasks that users 
seek to perform on information. Instead, the 
present study approaches this problem from the 
perspective of users’ cognitive tasks by treating 
cognitive processes as predefined functions and 
examining how they can be supported through 
natural interaction methods.

Information processing refers to the coor
dination of cognitive operations that indi
viduals use to perceive, transform, encode, 
store, and retrieve information (Anderson, 
1990). Components of the human informa
tion processing system (e.g., perception, 
working memory, and long-term memory) 
operate in a coordinated manner to support 
higher-level information processing tasks 
(Cowan, 2014; Ormrod, 2008; Çeliköz et al., 
2019). These tasks can be classified according 
to Bloom’s taxonomy (Bloom et al., 1956) and 
its revised version (Anderson & Krathwohl, 
2001), which outlines 19 cognitive processes 
organized into six major levels (Figure 1). For 
example, tasks targeting the “Understand” 
level include finding  examples (exemplify
ing), identifying patterns (comparing), and 
drawing inferences (inferring). Although the 
taxonomy originated in the educational do
main, it has been widely applied across di
verse contexts to structure cognitive tasks. 
For instance, it has been adopted to analyze 
human problem-solving strategies and to 
design task hierarchies that align with 
cognitive demands (Castillo-Barrera et al., 
2017; Suffian et al., 2022; Yaacoub et al., 
2025). It has also been used to examine 
cognitive engagement in data visualization 
and to structure evaluation tasks in user 
experience design (Burns et al., 2020; Rante 
et al., 2024). Together, Bloom’s taxonomy 
can be considered a practical framework for 
indexing information processing tasks that 
may arise in immersive environments.
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Gestures, on the other hand, can serve as an 
external manifestation of cognitive processes, 
as illustrated by the spontaneous hand move
ments that accompany speech (Driskell & 
Radtke, 2003; Goldin-Meadow & Beilock, 
2010; McNeill, 1992). In cognitive science, 
the theory of embodied cognition posits that 
human thought is not confined  to internal 
symbolic computation but is fundamentally 
grounded in bodily actions and perceptual 
experiences (McNeill, 1992; Skulmowski & 
Rey, 2018). The interaction between the in
ternal and external systems is considered bi
directional: On one hand, gestures function as 
reflections of sensorimotor representations that 
accompany conceptual processing (Hostetter & 
Alibali, 2008; Singer et al., 2008). For exam
ple, people naturally gesture by tracing invis
ible paths in the air when trying to remember 
the route to a location (Galati et al., 2018), or 
use gestures to represent their spatial reasoning 
during assembling (Rawat & Barrera Machuca, 
2025). By externalizing internal representa
tions into physical space, individuals can re
duce working memory demands and improve 
performance on concurrent tasks (Cook et al., 
2012; Goldin-Meadow et al., 2001). In this 
sense, gestures function as external cognitive 
aids that scaffold the mental organization of the 

information. Gestures not only reflect thoughts 
but also reshape them. Supported by embodied 
learning theory, intentionally engaging the 
body during learning can enhance knowledge 
comprehension, retention, and transfer. Ges
tures allow learners to embody abstract content 
through physical movement (Nathan & Martinez, 
2015). When individuals perceive abstract 
concepts, such as time or causality, gestures 
can help concretize otherwise invisible prop
erties (Alibali et al., 2011; McNeill, 1992). 
Encouraging individuals to use gestures to 
simulate spatial relations has been shown to 
improve spatial reasoning (Chu & Kita, 2011) 
and long-term memorization (Cherdieu et al., 
2017). Furthermore, learners who gesture 
while solving math or language tasks dem
onstrate deeper understanding and better 
transfer of knowledge (Novack et al., 2014). 
These studies showed that gestures can pro
vide multifaceted cognitive benefits  in infor
mation processing tasks.

Three-dimensional (3D) immersive envi
ronments offer a natural medium for using 
gestures to perform cognitive tasks. First, their 
spatial affordances can externalize interme
diate information representations through 
spatial visualization cues, thereby supporting 
spatial memory and reducing cognitive load 

Figure 1. Nineteen cognitive processes in Bloom’s taxonomy, grouped by six levels. Adapted from 
Anderson and Krathwohl (2001)
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(Jian & Abu Bakar, 2024). Second, they fa
cilitate embodied interaction by placing users 
and digital content within the same 3D in
teractive space, where information can be 
manipulated through meaningful bodily ac
tions (Riva, 2008). This has been shown 
to support information comprehension and 
memorization (Bagher et al., 2021; Huang 
et al., 2023).

As a concrete form of embodied interac
tion, gestures can serve as vocabulary for 
systematically mapping bodily actions to 
specific  cognitive tasks. The gesture elicita
tion method can help identify gestures for 
given functions (Cheng et al., 2024; Pereira 
et al., 2015; Xia et al., 2022). It is a widely 
applied, user-centered approach for generat
ing usable gestures and revealing users’ un
derlying mental models (Luo et al., 2025; Tian 
et al., 2024; Wobbrock et al., 2009). Specif
ically, end users are individually shown the 
desired effect of an action (a “referent”) and 
asked to propose the symbol (i.e., gesture). 
Results are often reconciled into a canonical 
gesture set using agreement-based metrics 
such as agreement score (Wobbrock et al., 
2009) or consensus score (Morris, 2012). 
These metrics quantify the degree to which 
participants converge on a particular gesture 
for a given referent. Prior research has effec
tively adopted the gesture elicitation method 
across a wide range of computing platforms, 
including tabletop interfaces, television, 
projection-based systems, and VR/AR sys
tems (Morris, 2012; Tian et al., 2024; 
Vatavu & Zaiti, 2014; Wobbrock et al., 
2009). It has also been applied in diverse 
immersive applications, such as 3D design, 
virtual shopping, and virtual museum (Liu 
et al., 2024; Sun et al., 2024; Wu et al., 
2022). Moreover, this method has demon
strated effectiveness for abstract tasks and 
non-visual modalities, such as spatial rea
soning, conveying emotions, or olfactory 
interactions (Li et al., 2025; Luo et al., 2024; 
Rawat & Barrera Machuca, 2025). Building 
on its robustness across diverse media and 
task types, gesture elicitation represents 
a promising approach for supporting the 

embodied articulation of information pro
cessing tasks.

Prior works reveal a gap in understanding 
how information processing tasks can be per
formed through gestures in immersive envi
ronments. Addressing this gap, this research 
adopted the 19 cognitive processes outlined in 
the revised Bloom’s taxonomy as representa
tive information processing tasks to explore 
user-defined  gestures for articulating them. 
There were two main research questions 
(RQs): RQ1. What gestures did users com
monly use to articulate these information 
processing tasks? RQ2. How do the proposed 
gestures fulfill  their intended functions and 
perform in terms of usability? To address these 
questions, a gesture elicitation study was 
conducted. The elicited gestures were analyzed 
across five  characteristic dimensions through 
descriptive statistics. Based on consensus 
scoring, 32 gestures formed a candidate set. A 
subsequent study assessed the candidate set and 
identified 20 recommended gestures for future 
immersive applications. Drawing on findings 
from both studies, this work further contributes 
strategies for mapping cognitive processes to 
physical actions, and a set of design consid
erations for designing and implementing usable 
gestures in immersive environments.

Study I: Gesture Elicitation Study

Methods

Referent Design. Referents serve as conceptual 
anchors that represent the intended meaning or 
function to be conveyed through gesture. They 
typically illustrate the “before” and “after” 
states of the intended function. To create 
appropriate referents, the authors synthesized 
information from multiple sources, including 
instructional design (Qamar et al., 2016; 
Villanueva, 2015) and the definition of lexi
cal terms, to establish a working definition and 
representative example for each information 
processing task (“task”; Appendix A, Figure 
A1). For example, for Summarizing, the 
working definition  was “Condensing infor
mation into a concise representation that 
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captures its central theme or main ideas.” 
Accordingly, the “before” state presented a 
detailed paragraph, and the “after” state dis
played a concise outline of its main ideas 
(Figure 2).

The referent content was designed to avoid 
requiring specialized domain knowledge from 
the participants. It was based on common 
knowledge (e.g., fruits, animals), pre-college 
science concepts (e.g., photosynthesis), and on
line news articles (e.g., discussions of AI ethics). 
As each cognitive process in Bloom’s taxonomy 
may correspond to various types of tasks in 
practice, the referent contents adopted the most 
representative and generalizable ones whenever 
possible to support broader applicability. They 
also accounted for the need to distinguish cog
nitive processes with potentially overlapping 
meanings. For example, Comparing emphasizes 
identifying distinguishing features between 
items, whereas Differentiating focuses on iden
tifying an item that differs from others within a 
set (Figure 2). Most referents were implemented 
as static text-based information panels, except for 
Interpreting, which included a chart, and Pro
ducing, which included a 3D model.

Participants. Study I recruited 15 partici
pants (8 males, 7 females) aged 22 to 

30 years (M = 25.13, SD = 2.61; Appendix 
B, Table B1). The sample size aligns with 
earlier findings suggesting that 11–20 par
ticipants can support the effective genera
tion of gesture sets (Vogiatzidakis & 
Koutsabasis, 2018). Since this study was 
conducted in VR, participants’ familiarity 
with VR was recorded. Among all partic
ipants, 11 reported having used VR before, 
while four had not. Most participants de
scribed their familiarity as neutral (n = 9), 
followed by unfamiliar (n = 3), familiar (n = 
2), and very unfamiliar (n = 1). Regarding 
gesture input device usage, six participants 
had prior experience, whereas nine had none. 
As for gesture input familiarity, responses 
were more varied: six participants reported 
being unfamiliar, five neutral, three familiar, 
and one very unfamiliar. This study complied 
with the American Psychological Associa
tion Code of Ethics and was approved by the 
Institutional Review Board of North Carolina 
State University (IRB Protocol #27188). 
Informed consent was obtained from each 
participant.

Experiment Procedure. Upon informed con
sent, participants first  completed a demo
graphic questionnaire. They then proceeded to 

Figure 2. Referents used in the experiment for Summarizing (top), Comparing (bottom left), and 
Differentiating (bottom right), captured in the immersive environment
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the gesture elicitation phase, which was 
conducted in a virtual environment developed 
using Meta XR Core SDK, C#, and Unity 3D 
(2018.4.28f1) and delivered through a head- 
mounted display (HMD; Oculus Quest 3, 
Meta). The experimenter verbally intro
duced an information processing task by 
providing its working definitions. The or
der of the task was randomized and 
counterbalanced across participants. The 
corresponding referent was then presented 
in the virtual environment. Participants 
could ask clarification questions as needed 
to ensure a clear understanding of each 
task. Once they indicated that they un
derstood the task, they were asked to design 
at least three appropriate and distinct 
gestures to bridge the transition between 
the “before” and “after” states for each 
referent, and to perform each gesture three 
times. They were then asked to explain the 
rationale behind their designs. Participants’ 
movements were video recorded using a 
webcam positioned on the desk in front of 
them, and their verbal expressions were cap
tured through audio recording. Each gesture 
design was documented in real time by the 

experimenter through written notes. The ex
periment lasted 90 minutes.

Data Analysis

Each gesture’s characteristics were extracted 
from video recordings, supported by partici
pants’ verbal explanations and the experi
menter’s notes. The classification scheme was 
adapted from prior gesture elicitation studies 
(Andrei et al., 2024; Cheng et al., 2025; 
Wobbrock et al., 2009), comprising five  di
mensions: hand usage, articulation level, 
form, nature, and binding (Figure 3). Two 
researchers independently coded the gesture 
characteristics based on the classification 
scheme. Before coding, both researchers 
practiced applying the coding criteria and 
reconciled their coding decisions using a small 
subset of gesture samples to establish a shared 
understanding of the categories. They then 
independently coded all remaining gestures 
while blinded to one another’s decisions. 
Inter-rater reliability was calculated separately 
for each of the five coding dimensions, yielding 
a mean Cohen’s κ of 0.977 (SD = 0.024), in
dicating almost perfect agreement (McHugh, 

Figure 3. Illustrations of the categories used for classifying gesture characteristics in terms of form, nature, 
and binding
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2012). Any discrepancies were subsequently 
resolved through discussion to reach consensus 
on a final code for each gesture.

To identify a set of gestures with practical 
applicability from the full pool of elicited 
gestures, this study adopted the max-consensus 
scoring metric proposed by Morris (2012)
rather than the agreement score proposed by 
Wobbrock et al. (2009), as the latter typically 
assumes that participants provide a single 
proposal per referent. Max-consensus scores 
were specifically developed for multi-proposal 
gesture elicitation studies (Danielescu & 
Piorkowski, 2022). Although agreement scores 
have been widely adopted in VR/AR gesture 
elicitation research, max-consensus scores 
have so far been used primarily in gesture 
elicitation studies for 2D interfaces. Never
theless, similar to agreement scores, max- 
consensus is calculated independently of the 
interaction context in which a gesture is 
performed. On this basis, the present study 
extends the use of the max-consensus metric 
for gesture elicitation to immersive environ
ments. The metric specifies  that, for each 
referent, the set of gesture proposals is de
noted as G ¼ fg1, g2, :::, gKg, where gesture gi
is selected by ci of the N participants. The 
max-consensus score is defined as: 

Max� consensus Score ¼ max
i2G

�ci

N

�
(1) 

The inclusion criterion for tasks in the 
candidate gesture set has been heuristically 
defined  as a max-consensus score ≥0.20 
(i.e., at least three participants proposing the 
same gesture). To ensure consistency in re
porting the frequencies of gestures, two nor
malization procedures were applied: (1) 
Gestures that differed only in the hand used 
(left vs. right), in variations of tracing the 
same symbol, or in the number of repeated 
shapes used to convey quantity (e.g., drawing 
two or three circles) were treated as equiva
lent; (2) Gestures with the same path but 
different finger  configurations  were treated 
as equivalent, as users are generally insensi
tive to distinctions in finger  configuration 
(Wobbrock et al., 2009). These decisions were 

made based on participants’ self-reported 
design rationales.

Results of the Elicitation Study

Gesture Articulation Characteristics. Five artic
ulation characteristics were analyzed: hand 
usage, articulation level, nature, form, and 
binding. Among all user-defined  gestures, 
72.41% were unimanual and 27.59% were 
bimanual for hand usage characteristic. Within 
the subset of bimanual gestures, 46.55% were 
classified as symmetric and 53.45% as asym
metric. Regarding the articulation level char
acteristic, wrist-level movements were the 
most frequently observed (39.29%), followed 
by elbow-level (27.11%), no motion (16.41%), 
and finger-level gestures (14.27%). There were 
very few shoulder-level movements (2.93%). 
As for nature characteristic, gestures of 
linguistic-symbolic nature were the most 
prevalent, accounting for 34.48% of all 
gestures, followed by spatial-manipulative 
(24.14%), metaphoric (23.07%), and social- 
conventional nature (14.03%). The GUI- 
derived nature was the least frequent, com
prising 4.28% of the total. In terms of gesture 
form characteristic, static-poses-with-path 
form accounted for the largest proportion 
(55.89%) of all user-defined  gestures, fol
lowed by static-poses-without-path (15.81%), 
dynamic-poses-with-path (13.32%), and 
dynamic-poses-without-path (14.98%). The 
distribution of gesture binding characteristic 
indicated a predominant use of world- 
independent bindings (46.97%) of all ges
tures, followed by object-centric (33.53%) 
and world-dependent (19.50%) bindings.

Consensus Score and Candidate Gesture Set. The 
consensus score indicates the extent to which 
participants elicited the same gesture for a 
given task. The two most commonly elicited 
gestures within the same task (i.e., the two 
with the highest consensus scores) were se
lected as “Gesture A” and “Gesture B” 
(Table 1). Tasks Summarizing, Inferring, and 
Comparing had the highest scores (0.80), 
followed by Explaining and Generating 
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(0.67). We defined the inclusion criterion as a 
consensus score above 0.20, corresponding to 
at least three participants proposing the same 
gesture. Executing and Attributing fell below 
this criterion, with max consensus scores of 
0.13 each. Both tasks were therefore consid
ered to reflect  insufficient consensus for fur
ther validation and evaluation and were 
excluded from the candidate gesture set. 
Moreover, the two gestures with the highest 
consensus scores for Producing and Gener
ating were identical in form: one involved 
opening the fist  upward and the other ex
tending the index finger  to draw upward cir
cles. We interpret this as an indication that no 
discriminable gesture was identified  for dis
tinguishing the two tasks based on their 
conceptual distinction within our elicitation 
results. For the practical purpose of building a 
testable set in which each task corresponds to 
unique gestures, we collapsed the two tasks 
under the single label “Generating.” In total, 
the candidate gesture set comprises 32 ges
tures representing 16 tasks (Figure 4).

Findings From the Elicitation Study

Mapping Cognitive Tasks to Hand-Based Ges
tures. The user-defined  gestures differed 
considerably from the interaction forms of 
traditional 2D screen- or surface-based 
media, as indicated by the limited number 
of traditional GUI-derived gestures. In
stead, participants tended to adopt diverse 
strategies to map abstract cognitive tasks 
onto embodied actions, as indicated by the 
prevalence of spatial-manipulative, meta
phoric, and social-conventional gestures, 
which together accounted for 61.24% of 
the set.

Spatial manipulation of information was 
frequently employed to represent cognitive 
tasks at the “Understand” and “Apply” levels, 
which involve transformations in information 
structure or arrangement. These tasks can be 
readily transformed into mental visual rep
resentations and enacted through gestures, 
such as placing information side by side 
(Comparing_A), grouping similar information 

Table 1. Two Gestures with the Highest Consensus Scores for each Information Processing Task

Levels Tasks

Gesture A Gesture B

Score Score

Remember Recognizing 0.47 0.47
Recalling 0.27 0.20

Understand Interpreting 0.33 0.27
Exemplifying 0.40 0.20
Classifying 0.47 0.40
Summarizing 0.80a 0.53
Inferring 0.80 0.20
Comparing 0.60 0.27
Explaining 0.67 0.27

Apply Executing 0.13 0.13
Implementing 0.27 0.27

Analyze Differentiating 0.40 0.33
Organizing 0.33 0.20
Attributing 0.13 0.07

Evaluate Checking 0.53 0.33
Critiquing 0.40 0.27

Create Generating 0.67 0.33
Planning 0.47 0.47
Producing 0.53 0.27

Note.aGreen cells indicate max-consensus scores ≥0.50, while orange cells indicate max-consensus scores < 0.15.
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(Classifying_B), or placing information in a 
sorted structure (Organizing_B). The spatial 
affordances of immersive environments, in
cluding the placement of information panels in 
3D space and the free movement of the upper 
limbs, have prompted participants to engage 
with information through spatial manipula
tion. These findings are consistent with prior 

work on spatial cognition (Rawat & Barrera 
Machuca, 2025), which shows that immersive 
environments can serve as a cognitive scaffold 
for information transformation.

Metaphorical representations of objects, 
actions, and tools can be used to express 
cognitive tasks. The flexibility  of the fingers 
and the variety of their possible configurations 

Figure 4. Candidate gesture set from the elicitation study, showing the two gestures with the highest 
consensus scores (i.e., Gestures A and B) for corresponding tasks (T), and representative design 
rationales provided by participants (P)
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allow them to mimic a wide range of entities. 
For example, participants pinched the thumb 
and index finger  to symbolize an “eye” for 
Interpreting_B, opened the palm upward to 
represent “blooming” for Generating_A, or 
rotated the index finger  to suggest a “magic 
wand” for Generating_B. One participant 
used one hand as a fist to represent the brain 
while tapping it with the other hand to express 
“extracting knowledge” for Recalling (Par
ticipant 7, hereafter P7). Another used one 
hand as a sheet of paper while the other 
mimicked a pen writing steps for Planning 
(P12). These metaphorical designs showed 
that users drew on embodied analogies to 
concretize cognitive tasks and also indicated 
that metaphors could serve as a bridge between 
mental concepts and gestural expression.

The presence of the social-conventional 
nature demonstrated the potential to sim
ulate interpersonal communication as a 
natural interaction mode in immersive 
environments. For example, for Critiquing_A, 
participants waved their index finger  side to 
side to signify “Oh, I don’t think so.” as if 
conversing with peers; for Inferring, partici
pants spread both of hands open as if asking, 
“So what?” (P5) and for Explaining, a user 
shook the information panel back and forth to 
demand, “Tell me why!” (P2). Encouraging 
gesture-based interaction may strengthen the 
sense of embodiment (Hostetter & Alibali, 
2008), thereby making the interaction feel 
more like an embodied experience than a mere 
interface operation. This effect may be further 
reinforced by the nature of the tasks, which 
involve forms of information processing that 
also occur in human communication. Together, 
these factors prompted participants to draw 
on real-world experiences of interpersonal 
interaction.

The Prevalence of Tracing Symbolic Forms. One 
of the most common gesture types was 
tracing letters or symbols, typically real
ized as linguistic-symbolic gestures in the 
static-pose-with-path form. These gestures 
resembled writing-related actions, using 
the index finger  to trace letters or draw 

symbols in the air. This result differs from prior 
findings  on tabletop gestures, where physical 
gestures (that mimicked handling physical ob
jects) had dominated (Wobbrock et al., 2009), or 
metaphoric gestures dominated in olfactory in
teractions (Li et al., 2025). This tendency may be 
attributed to the nature of the information 
processing tasks, which were closely tied to 
learning experiences and prompted participants 
to recall typical writing actions. Moreover, the 
referents were primarily text-based, which may 
have reinforced this association with writing 
experience. These observations suggest that 
both the task context and the referents design 
may affect participants’ mental models during 
gesture design. Notably, across 186 instances 
in which participants proposed linguistic– 
symbolic gestures, 55.3% occurred in their fi
nal (i.e., third) proposals. Such gestures may 
have served as a fallback strategy when par
ticipants ran out of alternative ideas.

Study II: Validation and 
Evaluation of the Elicited 
Gesture Set

Study II aimed to verify and evaluate the 
usability of the elicited gesture set. It assessed 
the proposed gestures using a combination of 
subjective and objective measures widely 
adopted in gesture evaluation research and 
collected users’ comments through interviews.

Methods

Participants. Twenty participants (11 males, 
9 females; Appendix B, Table B2) were re
cruited who were aged 18 to 34 years (M = 
25.15, SD = 3.75). This sample size was de
termined based on prior gesture evaluation 
studies, which involve between 6 and 
24 participants (Bailly et al., 2012; Markussen 
et al., 2014; Nancel et al., 2011; Sun et al., 
2024). Among all participants, 13 reported 
having used immersive technologies before, 
while seven had not. In terms of familiarity 
with immersive technologies, most participants 
described themselves as unfamiliar (n = 8), 
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followed by neutral (n = 5), familiar (n = 5), 
and very unfamiliar (n = 2). Regarding gesture 
input device usage, five participants had prior 
experience, whereas 15 had none. As for 
gesture input familiarity, seven participants 
reported being unfamiliar, six neutral, five very 
unfamiliar, and two familiar. This study 
complied with the American Psychological 
Association Code of Ethics and was approved 
by the Institutional Review Board of North 
Carolina State University (IRB Protocol 
#28025). Studies I and II were approved 
under separate IRB protocols because they 
involved different experimental designs and 
data collection procedures. Informed con
sent was obtained from each participant.

Assessment Framework. The assessment 
framework was adapted from established 

assessment scales in prior research (Table 2; 
Chen et al., 2025; Cheng et al., 2024; Xia 
et al., 2022). Specifically, validation focused 
on the extent to which the elicited gestures 
fulfilled  their intended functions, measured 
by objective matching, discoverability, and 
memorability. Evaluation focused on the us
ability of gestures, including learnability, ease 
of use, and user acceptance.

Discoverability, also called guessability 
or iconically logical toward functionality 
(Xia et al., 2022), reflects whether users can 
associate the gestures with their semantic 
meaning (Wobbrock et al., 2005). It focuses 
on users’ recognition and interpretation of 
gestures as symbolic representations and is 
typically assessed through functionality- 
guessing methods proposed by Nielsen 
et al. (2003). Specifically,  each elicited 

Table 2. Assessment framework including objective and subjective measures for gesture evaluation and 
validation

Categories Measures Sub-measures Metrics Reference

Objective 
Measures

Discoverability – Accuracy of identifying 
the task name from 
gesture movement.

(Cafaro et al., 2018; Silpasuwanchai 
& Ren, 2015)

Memorability – Accuracy of recalling 
the gesture 
movement based on 
task names.

(Céspedes-Hernández et al., 2020; 
Dong et al., 2015; Zaiţi et al., 
2015)

Subjective 
Measures

Objective 
matching

– Rate how the gesture 
aligns with the 
intended task.

(Dong et al., 2015; Silpasuwanchai & 
Ren, 2015; Wu et al., 2022)

Learnability – Rate how easy the 
gesture is to learn.

(Li et al., 2017)

Ease of use Ease of 
execution

Rate how smooth the 
gesture feels to 
execute.

(Bhowmick et al., 2022; Ganapathi 
& Sorathia, 2019; Silpasuwanchai 
& Ren, 2015)

Perceived 
effort

Rate perceived physical 
effort to perform the 
gesture.

(Dong et al., 2015; Felberbaum & 
Lanir, 2018; Ganapathi & 
Sorathia, 2019)

User 
acceptance

Preference Rate how much the 
gesture is liked.

(Dong et al., 2015; Ganapathi & 
Sorathia, 2019; Ortega et al., 
2019)

Social 
acceptability

Rate comfort using the 
gesture in the public 
settings.

(Dingler et al., 2018)

Willingness to 
use

Rate likelihood of using 
the gesture in real 
applications.

(Li et al., 2017)
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gesture was filmed as a video clip. Participants 
were asked to observe, guess, and report 
the corresponding task names associated 
with the gesture after watching the video. To 
reduce the impact of forced-choice bias 
(i.e., participants constrained to select a single 
option even if multiple alternatives seem 
appropriate or none seems suitable, which 
may lead to frustration and reduce data val
idity), each participant was allowed to provide 
0–2 candidate names for each gesture. The 
scoring criteria differentiated levels of inter
pretation accuracy. A correct first  guess re
flects  a direct mapping between the gesture 
and its intended function, whereas a correct 
second guess indicates a weaker but still 
meaningful association. Following symbol 
recognition literature that distinguishes cor
rect, partially correct, and incorrect interpre
tations using a 0–1–2 scoring scheme (Deng 
et al., 2025), responses were scored as 2 points 
for a correct first guess, 1 point for a correct 
second guess, and 0 points if neither guess was 
correct.

Memorability captures the immediate 
retention of learned gesture–function map
pings. It reflects  the initial encoding of 
mappings, which plays an important role in 
transferring these mappings to long-term 
memory (Baddeley, 2012). Memorability 
was evaluated by asking participants to 
recall the two gestures of each task after a 

15-minute delay. The use of 15-minute in
tervals has been shown to significantly reduce 
the impact of within-session manipulations on 
recall (Divis & Benjamin, 2014) and has also 
been adopted in prior evaluations of gesture 
memorability (Anderson & Bischof, 2013; Sun 
et al., 2024). A score of 1 was assigned to the 
response for correct recall and 0 for incorrect or 
no recall.

Objective matching measures the degree 
of semantic alignment between each gesture 
and its intended cognitive function on a 7- 
point Likert scale, with 7 referring to perfectly 
matched. Learnability was measured on a 7- 
point Likert scale, with 7 referring to very easy 
to learn. Ease of use dimension assessed the 
physical ease of performing each gesture in 
terms of ease of execution and perceived effort 
using a 7-point Likert scale, with 7 referring to 
very smooth to execute or minimal effort 
required. User acceptance was evaluated 
across three dimensions: preference, social 
acceptability, and willingness to use. All three 
items were measured on 7-point Likert scales, 
with higher scores indicating better outcomes.

Experiment Procedure. The experiment in
cluded five phases (Figure 5). Upon informed 
consent, participants completed demographic 
questionnaires. In the guessing phase, par
ticipants viewed video clips of each gesture 
three times on a laptop and were asked to 

Figure 5. Experiment procedure for the validation and evaluation study
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identify 0–2 candidate names for the task from 
the full list of 32 task names provided. In the 
learning phase, participants were presented 
with gestures along with their corresponding 
task names. They were asked to perform each 
gesture three times while memorizing both the 
gesture movements and their corresponding 
task mappings. After viewing the two gestures 
for a given task, participants filled out a brief 
questionnaire to assess them. Next, a 15- 
minute break was provided to reduce the in
fluence of within-session manipulations, such 
as presentation order, on gesture recall. Par
ticipants were then asked to recall and perform 
the two gestures for each task announced by 
the experimenter. In the evaluation phase, 
participants completed a post-study ques
tionnaire. Across all phases, the presentation 
of gesture videos or task names was ran
domized. At the end of the session, a semi- 
structured interview was conducted to 
gather participants’ impressions and feedback 
(Appendix C).

Data Analysis. Objective measures, including 
discoverability and memorability, were av
eraged across participants for each gesture. 
For the subjective measures, the ease-of-use 
and user-acceptance subscales were first 
aggregated by calculating their mean scores. 
Statistical comparisons were then conducted 
for gesture pairs within each task across four 
measures: objective matching, learnability, 
ease of use, and user acceptance. For each 
comparison, normality was assessed using 
the Shapiro–Wilk test. If the normality as
sumption was violated, the nonparametric 
Wilcoxon signed-rank test was used; other
wise, paired t-tests were conducted. To 
control for inflated  Type I error, p-values 
were adjusted within each task using 
Holm’s method, with the four measures 
treated as a single comparison family. 
Qualitative data from the semi-structured 
interviews were transcribed and indepen
dently coded by two researchers who were 
blinded to each other’s decisions, yielding 
strong inter-rater agreement (Cohen’s κ = 
0.81; McHugh, 2012).

Results

Given the breadth of results, the following 
report highlights gestures at the lower and 
upper ends of the distribution for each mea
sure. Specifically,  gestures at or below the 
25th percentile of all gestures were classified 
as low-scoring, whereas those above the 75th 
percentile were classified as high-scoring.

Objective Measures. The discoverability mean 
scores varied considerably across gestures, 
ranging from 0.05 to 1.70 (Figure 6). The 
highest scores were observed for Critiquing_A, 
followed by Summarizing_B, Checking_A, 
Summarizing_A, and Generating_A. Lower 
scores were found for Interpreting_A, Or
ganizing_A, Inferring_B, Exemplifying_B, 
Recognizing_B, and Interpreting_B. The 
memorability mean scores spanned a wide 
range from 0.15 to 0.90. The highest scores 
were observed for Comparing_A, followed 
by Organizing_A, Critiquing_B, Critiquing_A, 
and Checking_A. Lower scores were found 
for Interpreting_B, Implementing_B, Exem
plifying_B, Differentiating_B, Explaining_B, 
Inferring_B, and Differentiating_A.

Subjective Measures
Questionnaire Responses. The comparison 

of subjective evaluation scores for gesture 
pairs (A and B) across four measures is 
summarized in Figure 7.

The objective matching mean scores 
ranged from 4.20 to 6.16 on a 7-point scale. 
The highest scores were observed for Gen
erating_A, followed by Inferring_A, and 
Summarizing_A. In contrast, lower ratings 
were found for Recognizing_B, Interpreting_B, 
Implementing_B, and Planning_B. Paired- 
sample t-tests revealed significant  differ
ences between gesture pairs (i.e., the two 
gestures for the same task) for five  tasks: 
Generating (t = 2.97, p < .05, Gesture A rated 
higher than B, and hereafter noted as A > B), 
Planning (t = 3.80, p < .01, A > B), Inter
preting (t = 3.09, p < .05, A > B), Recalling 
(t = 3.38, p < .01, A > B), and Recognizing (t = 
2.85, p < .05, A > B).
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The learnability mean scores ranged from 
4.76 to 6.24. The highest scores were observed 
for Generating_A, followed by Critiquing_B, 
Summarizing_A, and Critiquing_A. In con
trast, lower learnability scores were found for 
Recalling_B, Interpreting_B, Differentiating_A, 
and Recognizing_B. Wilcoxon signed-rank tests 
revealed significant differences between the two 
gestures for Recalling (W = 0, p < .01, A > B) 
and Generating (W = 3.0, p < .05, A > B).

The ease-of-use mean scores were gener
ally high across all gestures, with mean scores 
ranging from 4.63 to 6.70. The highest scores 
were observed for Recognizing_B, followed 
by Inferring_B, Summarizing_A, Critiquing_B, 
and Generating_A. Lower scores were found for 
Differentiating_A, Planning_A, Inferring_A, 
and Exemplifying_B. Significant  differences 
were found for the gesture pairs in the following 
tasks: Differentiating (t = �4.77, p < .01, 

B > A), Inferring (W = 2.0, p < .01, B > A), 
Explaining (t = 3.35, p < .05, A > B), and 
Summarizing (t = 3.10, p < .05, A > B).

The user acceptance mean scores ranged 
from 4.14 to 6.24. The highest scores 
were observed for Generating_A, followed 
by Inferring_A, Organizing_B, and Plan
ning_A. Lower scores were found for In
terpreting_B, Implementing_B, Recalling_B, 
and Planning_B. Significant  differences 
were found for the gesture pairs across the 
following tasks: Generating (t = 3.74, p < 
.01, A > B), Interpreting (t = 2.61, p < .05, 
A > B), and Recalling (t = 2.59, p < .05, 
A > B).

Interview Responses. To better understand 
participants’ rating rationales, their comments 
and feedback in the interviews are summa
rized as follows:

Figure 6. Mean discoverability and memorability scores for gesture variants (A and B) across 16 tasks, with 
standard deviations shown in parentheses
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Design Features Favored by Users. Gestures 
with a familiar metaphorical mapping to objects, 
symbols, or actions in everyday life are easy to 
understand (P6, P11-12, P15, P19). For exam
ple, Generating_A resembled “a blooming 
flower to symbolize the emergence of new ideas” 
(P6), Checking_A evoked “the act of marking 
corrections on assignments” (P12), and Or
ganizing_B arranged content in a structured 
order, “like placing books neatly on a shelf” 
(P20). These mappings are commonly used 
outside of the immersive context (P15), making 
them “feel intuitive to relate to” (P11). More
over, incorporating spatial relationships and 
anchors makes gestures easier to understand, 
learn, and remember (P7-12, P14-15, P17, P20). 
For example, Comparing_A involved posi
tioning two hands “side by side to represent 
contrasting items” (P11), and Summarizing_A 
“condensed extended passages into a smaller 

spatial area” (P14). These mappings helped 
participants to infer meaning from spatial ar
rangement (P8, P12). Additionally, gestures that 
mimicked interpersonal communication tended 
to leave a strong impression on participants 
(P10, P15, P18), as in the cases of Critiquing_A 
and Critiquing_B. P15 remarked, “It felt like I 
was communicating with a person rather than a 
machine, and it allowed me to release my 
emotions.”

Establish Mappings Through Learning. Some 
gestures were initially difficult for participants 
to discover, but once a mapping was estab
lished, they were recognized and accepted by 
participants. Some gestures required addi
tional contextual information to establish re
liable associations with intended functions 
(P8, P15, P20). For example, regarding Ex
plaining_A, P20 remarked: “Once I knew this 

Figure 7. Comparison of subjective evaluation scores for gesture pairs (A and B) across 16 tasks (T), using 
the following measures: objective matching (O), learnability (L), ergonomics (E), and user acceptance (U). 
Measures with color-highlighted cells indicate statistically significant differences between gesture pairs, 
with an upward triangle marking the significantly higher score
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gesture meant explaining, I could imagine it 
expanding a concept on a larger panel.” 
Second, generic gesture forms and trajectories 
could lead to multiple interpretations. For 
instance, the question mark gesture for 
Checking_B could also signify a request for 
explanation in Explaining (P17); the arrow 
gesture for Inferring_A could also be in
terpreted as moving to the next step for Im
plementing (P14); and tracing the letter “e” for 
Exemplifying_A could likewise be associated 
with other gestures that share the same initial 
letter (P6, P11-12). However, participants 
noted that once they learned the correct one- 
to-one mappings, these gestures can be easy to 
understand and acceptable to them (P7, 
P10, P17).

Physical Effort Concerns. First, gestures 
involving finger-level  articulations and wrist 
rotations were often perceived as less com
fortable, such as Differentiating_A, Plan
ning_A, Recalling_B, and Exemplifying_B 
(P6, P10-12, P15, P19). Second, gestures re
quiring multi-step trajectories were considered 
cumbersome and effortful, such as Inferring_A, 
Interpreting_A, and Classifying_B (P7, P18, 
P20). Finally, two-handed gestures were per
ceived as requiring more effort than one-handed 
gestures, such as Explaining_B and Summa
rizing_B (P7-8, P18).

Gesture Form-Related Concerns. First, 
some gestures were overly simple in form or 
path, making them insufficient  to establish 
mappings with the intended tasks, especially 
for Recalling_B, Recognizing_B, and In
ferring_B (P8, P12, P15, P17) as they were 
often reduced to a simple straight or curved 
stroke. Second, gestures that shared similar 
forms or motion trajectories with others could 
confuse and make it difficult  to recall. Ex
amples include Exemplifying_B with Im
plementing_B and Summarizing_A, all of 
which featured a grabbing motion (P17); and 
Recalling_A with Generating_B, both in
volving circular movements of the index 
finger  (P6, P11, P14); Recognizing_B, In
ferring_B, and Recalling_B all included a 

horizontal line trajectory (P11-12, P15, P17); 
Planning_B and Inferring_A, both had an 
arrow (P17, P19); and Classifying_A and 
Explaining_B, both involved outward move
ments of two hands (P7).

Semantic Concerns. Metaphorical gestures 
can be interpreted differently across individ
uals. For example, Interpreting_B was con
sidered difficult  to understand and prone to 
misinterpretation, with participants noting that 
the gesture could resemble a peacock, an “OK” 
sign, or a camera lens (P11-12, P15, P17). 
Additionally, participants expressed con
cerns that gestures mimicking interpersonal 
communication may be less appropriate in 
some public settings, as they could be mis
interpreted by passersby (P11, P19). As 
P19 noted, “If I were in a café, performing 
this gesture might make others think I was 
acting strangely.”

Consolidation of Gestures Into a 
Recommended Set

While various measures have been widely 
adopted for gesture assessment, a consoli
dated framework that integrates these mea
sures for systematic gesture selection had been 
largely absent from the literature. Driven by 
this need, this study introduces a consolidation 
model based on both objective and subjective 
assessment metrics to support gesture selec
tion. Discoverability and memorability scores 
were first normalized to a 0–1 scale and then 
mapped onto the x- and y-axes, respectively. 
The mean scores of four subjective measures 
for each gesture were aggregated to provide an 
overall indicator of the subjective evaluation 
profile (Figure 8; Han et al., 2025). For clearer 
presentation of participants’ comparative eval
uation across gestures, the aggregated scores 
were min-max normalized and encoded as 
circles of varying sizes, with larger circles 
indicating higher scores. To facilitate gesture 
selection, this study adopted a heuristic 
thresholding approach. For discoverability 
and memorability, a cutoff of 0.50 was used. 
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For the aggregated subjective evaluations, 
quartile-based thresholds (25th, 50th, and 75th 
percentiles) were used to provide fine-grained 
differentiation. Based on these thresholds, the 
model organized the gesture set into three 
regions and represented each gesture as a 
circle of varying color to facilitate selection 
(Figure 9).

Gestures in quadrant showed high per
formance in both discoverability and memo
rability. Notably, this region contained all 
gestures whose aggregated subjective evalu
ations fell within the top 25th percentile, as 
indicated by the green circles. This suggests 
consistency between the objective and subjec
tive measures. Therefore, Gestures in quadrant 

Figure 8. Aggregated scores across candidate gestures based on four subjective evaluation dimensions
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(including those on the boundary lines) were 
classified as Tier 1. Gestures in quadrant ⓑ 
showed high memorability but low discov
erability. This region also included gestures 
with lower subjective evaluations (e.g., Or
ganizing_A). Accordingly, gestures in 
quadrant ⓑ whose subjective evaluations fell 
within the top 50th percentile (including 
those on the boundary lines) were classified 
as Tier 2. Gestures in quadrant ⓒ performed 
poorly on both objective dimensions. Nev
ertheless, some of these gestures still received 
favorable subjective evaluations (e.g., Com
paring_B), suggesting potential for practical 
use. Therefore, gestures in quadrant ⓒ whose 
subjective evaluations fell within the top 50th 

percentile were classified  as Tier 3. In total, 
nine gestures were selected for Tier 1, eight 
gestures for Tier 2, and three gestures for Tier 
3, resulting in 20 recommended gestures 
(Figure 10).

Discussion

Strategies for Mapping Cognitive Tasks 
to Physical Actions

To address RQ1, Study I identified 32 distinct 
gestures proposed for 16 information pro
cessing tasks and revealed the strategies users 
employed in mapping cognitive tasks to 
physical actions. Drawing on the results of 

Figure 9. Consolidation model for gesture selection. Each circle represents one candidate gesture, 
positioned by discoverability (x-axis) and memorability (y-axis). Dashed lines at 0.50 divide the plot into 
four quadrants, three of which contain candidate gestures and are labeled as regions: (a) high–high, (b) low 
discoverability–high memorability, (c) low–low. Circle size indicates aggregated subjective evaluation, and 
circle color denotes the subjective-evaluation tier used for gesture selection
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Study II, this section further discusses these 
strategies with respect to usability and in re
lation to prior research.

Tracing letters or symbols was the most 
frequently adopted strategy in elicitation. 
Familiar symbols, such as check marks 
(Checking_A), helped users associate gestures 
with cognitive tasks because their meanings 
were already well established and required 
little additional learning. However, this type 
of gesture may face challenges in consistency, 
especially for tracing letters. When multiple 
commands share the same initial letter, in
terference may arise in remembering the 
intended gesture–command mappings, as il
lustrated by Exemplifying and Explaining 
(P6, P11-12). In addition, tracing letter ges
tures may carry different meanings across 
gesture sets. For example, tracing an “M” 
denoted “Music” in office commands (Andrei 

et al., 2024), whereas in TV interaction 
(Vatavu & Zaiti, 2014), it represented “open 
Menu.” Such inconsistencies within and 
across gesture sets can impair the memora
bility of gesture-command mappings. There
fore, these gestures should be used sparingly 
and supported with sufficient  reminders or 
cues. Nevertheless, this study found that 
tracing letters and symbols may offer a 
promising fallback option for abstract tasks 
that are difficult  to represent through other 
gestural inputs.

Mapping cognitive tasks to spatial ma
nipulation was the second most frequently 
used strategy. Clear spatial mappings can help 
users understand and remember gestures (P7- 
12, P14-15, P17, P20). This type of gesture 
may offer additional benefits  in cognitive 
tasks. As suggested in prior studies, simu
lating mental operations in space can enhance 

Figure 10. The recommended gesture set, arranged from top to bottom: Tier 1 gestures, Tier 2 gestures, 
and Tier 3 gestures
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comprehension of content (Alibali, 2005; 
Fugate et al., 2019; Kirsh, 2010), when cou
pled with embodied actions, can reinforce the 
consolidation of information into long-term 
memory (Sullivan, 2018). Spatial manipula
tive gestures are also prevalent in other im
mersive tasks, such as assembling (Rawat & 
Barrera Machuca, 2025), 3D design (Sun 
et al., 2024), and document management 
(Luo et al., 2025). By comparing prior gesture 
sets, this study found that these spatial 
transformation gestures recurred in similar 
forms across different tasks. For example, 
Comparing_A is similar to the “Comparison 
of two blocks” gesture for assembling (Rawat 
& Barrera Machuca, 2025), and Classi
fying_B is similar to the “Split groups” ges
ture in organizing documents (Luo et al., 
2025). These findings  suggest the potential 
to establish a consistent set of “action prim
itives” that can serve as a shared gesture 
vocabulary for manipulating virtual infor
mation and virtual objects (Hosseini et al., 
2024).

Using metaphors to create gestures was the 
third most frequently used strategy. This study 
confirmed  previous findings  that metaphors 
serve as a bridge between experiences in the 
physical world and abstract conceptual lan
guage (Cienki & Müller, 2008; Larsson & 
Stolpe, 2023; Roth & Lawless, 2002). How
ever, consistent with prior findings  (Chui, 
2011; Cienki & Müller, 2008; Quinn, 2008), 
this study also found that the interpretation of 
metaphoric gestures could be diverse and 
shaped by individuals’ mental models (P11- 
12, P15, P17). This presents challenges for 
their broader standardization and general use. 
Still, their value may become more evident as 
personalized systems continue to advance, 
particularly when such systems can support 
users in constructing customized metaphorical 
mappings and accurately recognizing these 
gestures (Oh & Findlater, 2013; Zou et al., 
2025).

This study also revealed that gestures from 
interpersonal communication hold potential 
for use in computing systems. These gestures 
may elicit emotional responses by evoking 

users’ episodic memories of their use in in
terpersonal settings (Levine & Edelstein, 
2009; Tyng et al., 2017), thereby making 
the actions engaging and memorable (P10, 
P15, P18). This type of gesture enriches the 
expressive bandwidth of existing interaction 
paradigms by incorporating affective dimen
sions for conveying nuances (Luo et al., 
2024). While interaction on conventional in
terfaces, such as mouse clicking or screen 
tapping, offers limited capacity to convey 
affective expressions, gestures may support 
this through socially grounded actions and 
variations in movement (e.g., force, speed, or 
openness). Additional interpersonal behav
iors, such as head shaking and shrugging, may 
be drawn from social interaction research and 
incorporated into interaction design (Bavelas 
& Gerwing, 2007; McNeill, 2018). Such in
tegration may cultivate a greater sense of 
intimacy in human-computer relationships, 
promoting more engaging experiences and 
facilitating trust. However, the use of inter
personal gestures can be context sensitive 
(P11, P19). It would be beneficial to delineate 
the contexts in which these gestures are ap
propriate or to provide users with contextual 
reminders regarding their suitability.

Design Considerations for Developing 
and Implementing Usable Gestures

To address RQ2, Study II examined how the 
elicited gestures represented their intended 
cognitive functions and how they performed 
across multiple usability dimensions. The 
recommended gesture set can support a range 
of immersive applications that involve in
formation processing tasks, such as learning, 
sense-making, and document work. For in
stance, the Comparing gesture could let users 
juxtapose documents or visualizations side by 
side, the Summarizing gesture could condense 
key points from a lengthy article into a brief 
note for quick review, and the Explaining 
gesture could support annotating content to 
articulate understanding while reading or 
browsing. Given that the full gesture set 
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comprises 20 gestures, adopting the entire set 
may impose considerable memory burden on 
users. We therefore recommend that im
mersive applications select an appropriate 
subset based on their specific  task needs. 
Furthermore, synthesizing both objective and 
subjective results, this study proposes four 
design considerations to inform the gesture 
design and implementation in future practice.

Information as an Interactive Entity in Immersive 
Environments. Certain gestures demonstrated 
notably strong performance, as reflected  in 
their placement within Tier 1 of the recom
mended gesture set. Drawing on interview 
feedback, the success of these gestures points 
to the potential of conceptualizing information 
as an interactive entity, suggesting that users 
may perceive information not merely as static 
content, but as entities with physical, meta
phorical, and even human-like properties. 
First, information can be positioned, grouped, 
or scaled in 3D space (P6, P12, P20). This 
enables real-world physical manipulations to 
be transferred into gestures, such as com
pressing items to summarize them (Summa
rizing_A). Second, metaphoric mappings can 
be attached to information entities (P11, P14). 
This enriches the ways information can 
be represented and allows object-oriented 
gestures to be applied to information, such 
as arranging information like books on a 
shelf. Third, information entities can also 
incorporate human-like qualities to facili
tate more natural communication with users 
(P10, P15, P18). They may convey emotions 
through animations or typography and re
spond in expressive ways that align with 
social norms. In practice, these properties 
provide a useful basis for exploring richer 
information representations through fea
tures such as shape, spatial layout, and 
skeuomorphic elements, which can in turn 
support more engaging and expressive in
teraction design.

Designing for Ergonomics and Semantic Expres
siveness. The findings of this study highlight 
ergonomics and semantic expressiveness as 

two important factors shaping gesture usability. 
First, consistent with prior research, certain 
design features were found to reduce the ease 
of use, such as fine  finger  articulations 
(Rempel et al., 2015), multi-step trajectories 
(Rekik et al., 2014), and two-handed gestures 
(Morris et al., 2010). These features can make 
gestures effortful to perform and lead to fa
tigue during prolonged use. On the other hand, 
gestures can be easy to execute but lack 
sufficient  distinctiveness to convey their in
tended meanings (P8, P12, P15, P17). A 
representative example is Inferring_B, which 
received high ease-of-use ratings but showed 
very low objective matching due to ambiguity 
in interpretation. Furthermore, when ergo
nomic limitations and insufficient  semantic 
expressiveness co-occur in a single gesture, 
they can jointly contribute to gesture failure, 
as illustrated by Recalling_B, which received 
notably low user acceptance. In practice, 
designing usable gestures requires deliberate 
consideration of both ergonomic efficiency 
and semantic clarity. Based on the findings of 
this study, usable gestures tend to involve 
simple one-handed movements and clearly 
interpretable forms, while minimizing fine 
finger articulation and multi-step trajectories.

Similarity Across Gestures. Beyond the prop
erties of individual gestures, this study also 
found that similarity among gestures can 
affect usability. Similarities can interfere 
with users’ interpretation and memorization 
of gestures, as reflected  in reduced perfor
mance on memorability (e.g., Exemplifying_B 
and Explaining_B) and discoverability (e.g., 
Inferring_B and Recognizing_B). Based on 
interview responses, gesture similarity can 
arise across three dimensions, including hand 
shape (e.g., grabbing in Exemplifying_B and 
Summarizing_A; P17), movement direction 
(e.g., outward motions in Classifying_A and 
Explaining_B; P7), and motion path (e.g., 
horizontal strokes in Inferring_A, Recog
nizing_B, and Recalling_B, P12). In some 
cases, the similarity may not involve the entire 
gesture but only a shared motion primitive 
(i.e., a basic movement unit, such as grabbing) 
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that overlaps with another gesture. These 
similar motions remain distinct in their se
mantic meanings, which may lead to confu
sion and memory interference. For example, 
the outward motion in Classifying_A repre
sented separating different groups, whereas in 
Explaining_B it represented expanding con
tent. This issue may reflect  a broader chal
lenge of the end-user gesture elicitation 
method, as users typically do not intentionally 
differentiate each gesture during elicitation 
and are also unaware of the gesture design 
produced by others. This suggests the need 
for a set-level differentiation mechanism to 
identify and reduce gesture similarity during 
the gesture development process. In practice, 
the identified  dimensions can help designers 
identify overlapping motion primitives and 
strategically select a gesture subset to avoid 
conflicts  and accidental activation across 
gestures.

Consolidation Model and Strategic Gesture Im
plementation. This study proposes a consoli
dation model that integrates both objective 
and subjective assessment metrics to support 
gesture selection. This model allows designers 
to recognize potential usability issues and 
further inform the development of gesture 
tutorials and reminders. For instance, Tier 
2 gestures, which are difficult to discover but 
easy to remember, may appear non-intuitive at 
first  yet become intuitive once learned. This 
acquired intuitiveness is supported by both 
interview feedback (P7, P10, P20) and prior 
research (Xia et al., 2022). Acquired intui
tiveness may be due to the need for more 
contextual information to be understood 
(e.g., Explaining_A) or are subject to mul
tiple interpretations (e.g., Exemplifying_A). 
Therefore, the implementation of such 
gestures may benefit from contextual cues or 
additional explanations during a training 
phase (Sun et al., 2024). Tier 3 gestures were 
not only difficult  to recognize but also dif
ficult to remember (e.g., Differentiating_B). 
Beyond tutorials, such gestures may require 
repeated exposure, visual reminders, or pro
gressive training to reinforce gesture–function 

associations. This model has the potential to 
be extended to other gesture evaluation studies 
and may inform the development of more 
comprehensive gesture assessment and se
lection frameworks.

Limitations

This research acknowledges several limita
tions. For Study I, first,  a few cognitive 
processes in Bloom’s taxonomy inherently 
involve subtle conceptual distinctions, such 
as executing versus implementing, which 
may not be optimally represented or dif
ferentiated through information-panel-based 
tasks. Second, certain cognitive processes 
may have been unfamiliar to some participants 
(e.g., attributing). The ambiguity and unfa
miliarity can affect participants’ interpretation 
of the tasks and result in lower consensus 
during gesture design. This also suggested that 
not all cognitive processes in Bloom’s tax
onomy can be directly translated into exe
cutable tasks in immersive environments. 
Some may require more specific  contextual 
support and task design. Additionally, cultural 
background may also have shaped how 
participants interpreted tasks and produced 
gestures, particularly those of a social- 
conventional nature.

For Study II, first, the visual presentation of 
the referent could have influenced  partici
pants’ understanding of the tasks. This was 
particularly evident in the Organizing task, 
where the tree-like structure of the referent 
shaped the symbolic form of participants’ 
gestures. Second, the use of video clips to 
assess gesture discoverability may not fully 
capture how gestures are perceived and in
terpreted within immersive environments. 
Third, although participants were prompted 
to imagine using the gestures in public set
tings when rating social acceptability, these 
judgments may not fully reflect  real-world 
situations because the study was conducted in 
a controlled laboratory environment. Lastly, 
the results of Study II may not reflect  the 
usability of the gesture set in longitudinal 
usage.
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Moreover, the gesture set’s generalizability is 
likely bounded by referent–task alignment and 
population differences: gestures may not transfer 
well to substantially different presentation for
mats, and interpretation may vary across age and 
familiarity with immersive technology. Lastly, 
this study focused on gesture as the sole mo
dality. It can avoid disrupting public spaces, 
support embodied cognition, and offer greater 
expressive diversity compared to using voice, 
controller, and gaze alone, respectively. How
ever, it is worth further exploring how gesture 
could be combined with these modalities to 
further enhance interaction experience.

Conclusion

This study investigated the use of hand-based 
gestures for information processing tasks in im
mersive environments through both an elicitation 
study and a validation and evaluation study. A 
candidate set of 32 gestures and a recommended 
set of 20 gestures were identified.  In capturing 
gestures, this study identified  four prevalent 
gesture nature types for performing information 
processing tasks: linguistic-symbolic, spatial- 
manipulative, metaphoric, and social- 
conventional. In assessing these gestures, the 
study further revealed factors that influence 
gesture usability. Building on these findings, it 
discussed strategies for mapping cognitive 
tasks to physical actions and offered design 
considerations for creating and implementing 
usable gestures. Together, this work repre
sents a valuable step toward more natural and 
efficient interaction techniques for performing 
cognitive tasks in immersive environments.

Key Points
· Sixteen of the 19 cognitive processes 

in the revised Bloom’s taxonomy were 
mapped to hand-based gestures for 
information processing in immersive 
environments.

· Gesture design strategies in immersive 
3D interfaces differ from those in tradi
tional 2D GUIs, with linguistic-symbolic, 
metaphoric, spatial-manipulative, and 

social-conventional mappings emerg
ing as prevalent strategies.

· The study identifies 32 candidate gestures 
and a recommended subset of 20 gestures 
for supporting information processing 
tasks in immersive applications.

· Four design considerations for devel
oping and implementing usable ges
tures are proposed.

ORCID iDs
Fangyuan Cheng https://orcid.org/0009-0001- 
9306-8471
Emily Fang https://orcid.org/0009-0004-9898- 
4438
Karen B. Chen https://orcid.org/0000-0003- 
2904-1394

Funding
The authors received no financial  support for the 
research, authorship, and/or publication of this 
article.

Declaration of Conflicting Interests
The authors declared no potential conflicts  of in
terest with respect to the research, authorship, and/ 
or publication of this article.

References
Alibali, M. W. (2005). Gesture in spatial cognition: 

Expressing, communicating, and thinking 
about spatial information. Spatial Cognition & 
Computation, 5(4), 307–331. https://doi.org/ 
10.1207/s15427633scc0504_2

Alibali, M. W., Spencer, R. C., Knox, L., & Kita, S. 
(2011). Spontaneous gestures influence strat
egy choices in problem solving. Psychological 
Science, 22(9), 1138–1144. https://doi.org/10. 
1177/0956797611417722

Anderson, F., & Bischof, W. F. (2013). Learning 
and performance with gesture guides. In 
Proceedings of the SIGCHI Conference 
on Human Factors in Computing Systems, 
CHI’13, 1109–1118. ACM. https://doi.org/ 
10.1145/2470654.2466143

Anderson, J. R. (1990). The adaptive character of 
thought (pp. xii, 276). Lawrence Erlbaum 
Associates, Inc.

Cheng et al. 23 

https://orcid.org/0009-0001-9306-8471
https://orcid.org/0009-0001-9306-8471
https://orcid.org/0009-0001-9306-8471
https://orcid.org/0009-0004-9898-4438
https://orcid.org/0009-0004-9898-4438
https://orcid.org/0009-0004-9898-4438
https://orcid.org/0000-0003-2904-1394
https://orcid.org/0000-0003-2904-1394
https://orcid.org/0000-0003-2904-1394
https://doi.org/10.1207/s15427633scc0504_2
https://doi.org/10.1207/s15427633scc0504_2
https://doi.org/10.1177/0956797611417722
https://doi.org/10.1177/0956797611417722
https://doi.org/10.1145/2470654.2466143
https://doi.org/10.1145/2470654.2466143


Anderson, L. W., & Krathwohl, D. R. (2001). A 
taxonomy for learning, teaching, and as
sessing: A revision of bloom’s taxonomy of 
educational objectives. Longman.

Andrei, A.-T., Bilius, L.-B., & Vatavu, R.-D. 
(2024). Take a seat, make a gesture: Charting 
user preferences for On-Chair and from-chair 
gesture input. Proceedings of the CHI Con
ference on Human Factors in Computing 
Systems, 1–17. https://doi.org/10.1145/ 
3613904.3642028

Arms, L., Cook, D., & Cruz-Neira, C. (1999). The 
benefits  of statistical visualization in an im
mersive environment. Proceedings IEEE virtual 
reality (Cat. No. 99CB36316), 88–95. IEEE. 
https://doi.org/10.1109/VR.1999.756938

Baddeley, A. (2012). Working memory: Theories, 
models, and controversies. Annual Review of 
Psychology, 63(63), 1–29. https://doi.org/10. 
1146/annurev-psych-120710-100422

Bagher, M. M., Sajjadi, P., Wallgrün, J. O., La 
Femina, P. C., & Klippel, A. (2021). Move the 
object or move the user: The role of interaction 
techniques on embodied learning in VR. 
Frontiers in Virtual Reality, 2(1), 695312. 
https://doi.org/10.3389/frvir.2021.695312

Bailly, G., Müller, J., & Lecolinet, E. (2012). Design 
and evaluation of finger-count  interaction: Com
bining multitouch gestures and menus. Interna
tional Journal of Human-Computer Studies, 
Special Issue on Developing, Evaluating and 
Deploying Multi-Touch Systems, 70(10), 673–689. 
https://doi.org/10.1016/j.ijhcs.2012.05.006

Bavelas, J., & Gerwing, J. (2007). Conversational 
hand gestures and facial displays in face-to- 
face dialogue. In Social communication. 
Psychology Press.

Bhowmick, S., Sorathia, K., & Chandra Kalita, P. 
(2022). Understanding gesture performance for 
object selection in VR: Classification 
and taxonomy of gestures in HCI. In Proceedings 
of the 12th Indian Conference on Human- 
Computer Interaction, India CHI’, 21, 90–93. 
ACM. https://doi.org/10.1145/3506469.3506483

Bloom, B. S., Engelhart, M. D., Furst, E. J., Hill, 
W. H., & Krathwohl, D. R. (1956). Taxonomy 
of educational objectives: The classification of 
educational goals. In Handbook 1: Cognitive 
domain. Longman.

Burns, A., Xiong, C., Franconeri, S., Cairo, A., & 
Mahyar, N. (2020). How to evaluate data visu
alizations across different levels of understand
ing. In 2020 IEEE workshop on evaluation and 
beyond-methodological approaches to visual
ization (BELIV) (pp. 19–28). IEEE.

Cafaro, F., Lyons, L., & Antle, A. N. (2018). 
Framed guessability: Improving the discov
erability of gestures and body movements for 
full-body interaction. Proceedings of the 
2018 CHI Conference on Human Factors in 
Computing Systems, 18(1), 1–12. https://doi. 
org/10.1145/3173574.3174167

Castillo-Barrera, F. E., Amador-Garcı́a, M., Pérez- 
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Appendix A

Referent Design

Figure A1. Working definitions, examples, before and after states, and screenshots in the immersive 
environment for each referent
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Figure A1. Continued.
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Appendix B

Demographic Information of Participants.

Figure A1. Continued.

Table B1. Demographic Information of Participants in the Elicitation Study

ID Age Gender
Academic 
level Major

VR 
usage

VR 
familiarity

Gesture 
device usage

Gesture 
familiarity

1 30 Male PhD ISEa Yes Unfamiliar Yes Unfamiliar
2 27 Male PhD ISE Yes Neutral Yes Neutral
3 24 Female PhD Computer 

science
No Very 

unfamiliar
No Very 

unfamiliar
4 26 Male PhD Computer 

science
Yes Neutral No Unfamiliar

5 23 Female Master’s Economics Yes Neutral No Unfamiliar
6 23 Female Master’s Financial math Yes Neutral Yes Neutral
7 24 Female PhD ISE Yes Familiar Yes Familiar

(continued)
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Table B1. (continued)

ID Age Gender
Academic 
level Major

VR 
usage

VR 
familiarity

Gesture 
device usage

Gesture 
familiarity

8 22 Female Junior Textile 
engineering

No Neutral No Neutral

9 23 Male Master’s Computer 
engineering

No Neutral No Neutral

10 25 Male PhD Computer 
science

Yes Neutral Yes Neutral

11 22 Male Master’s Textile 
engineering

Yes Neutral No Unfamiliar

12 30 Male PhD ISE Yes Familiar No Familiar
13 25 Male PhD ISE Yes Unfamiliar No Unfamiliar
14 28 Female PhD ISE Yes Neutral Yes Familiar
15 25 Female Master’s Physics No Unfamiliar No Unfamiliar

aAbbreviations: ISE, Industrial and Systems Engineering.

Table B2. Demographic Information of Participants in the Validation and Evaluation Study

ID Age Gender
Academic 
level Major

Immersive 
tech usage

Immersive 
tech 
familiarity

Gesture 
device 
usage

Gesture 
input 
familiarity

1 18 Female Sophomore Biomedical 
engineering

Yes Very 
unfamiliar

No Very 
unfamiliar

2 34 Male PhD Industrial 
engineering

No Unfamiliar No Unfamiliar

3 25 Male PhD ISEa Yes Unfamiliar Yes Familiar
4 24 Female Master’s Economics Yes Neutral No Neutral
5 23 Female PhD ISE Yes Familiar No Unfamiliar
6 27 Male PhD ISE Yes Neutral Yes Neutral
7 28 Male PhD Mathematics No Neutral No Neutral
8 25 Female Master’s Physics No Unfamiliar No Unfamiliar
9 23 Female Sophomore Computer 

science
Yes Very 

unfamiliar
Yes Very 

unfamiliar
10 23 Female PhD Computer 

science
Yes Neutral Yes Neutral

11 25 Male PhD ECEb Yes Neutral No Unfamiliar
12 31 Male PhD ISE No Familiar No Neutral
13 26 Male PhD ISE Yes Unfamiliar No Very 

unfamiliar
14 26 Male PhD ISE No Unfamiliar No Unfamiliar
15 28 Female PhD ISE Yes Familiar Yes Familiar
16 25 Male PhD Civil 

engineering
No Unfamiliar No Neutral

17 27 Male PhD Computer 
science

Yes Familiar No Unfamiliar

18 19 Female Sophomore Genetics Yes Familiar No Unfamiliar

(continued)
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Appendix C

Protocol for the Semi-structured Interview in the 
Validation and Evaluation Study

1. Were there any gestures that were 
particularly natural to you? Can you 
explain why?

2. Were there any gestures you found 
difficult  to understand? Can you 
explain why?

3. Did you find any gestures to be easily 
confused with one another? If so, 
which ones, and in what ways?

4. Did any gestures feel physically tiring 
or uncomfortable to perform?

5. Were there any gestures that you felt 
required more effort than others?

6. Were there any gestures you would 
change or redesign? If so, how 
and why?

7. Are there any new gestures you wish to 
add to the current set? If so, what are 
they, and what would they be used for?

8. Do you have any additional comments 
or suggestions regarding the gesture 
set, the task, or the overall experience?

Table B2. (continued)

ID Age Gender
Academic 
level Major

Immersive 
tech usage

Immersive 
tech 
familiarity

Gesture 
device 
usage

Gesture 
input 
familiarity

19 20 Male Sophomore Genetics Yes Unfamiliar No Unfamiliar
20 26 Female PhD Chemical 

engineering
No Unfamiliar No Very 

unfamiliar

aAbbreviations: ISE, Industrial and Systems Engineering.
bAbbreviations: ECE, Electrical and Computer Engineering.
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