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Figure 1: Four replications of an end-user gesture elicitation study involving smart rings are reported in this paper. These charts

show the findings of the original study [11], a prior published replication [10], and our four replications in terms of agreement

rate (left), goodness of fit (middle), and thinking time (right) measures. Note: error bars show 95% confidence intervals.

Abstract

Empirical findings in gesture-based interaction often stem from
highly controlled experimental settings, which raises concerns
about their generalizability. To explore how variations in such
settings influence discoveries on user-defined gestures, we selected
an end-user elicitation study involving smart rings that had been
replicated at least once. By reusing the same stimuli, equipment,
and data collection method, we conducted four new replications of
the original study, involving a total of 120 participants across four
different research teams. Our results show that smart ring gestures
elicited in these replications overlap only partially, with differences
in agreement rate, thinking time, and goodness of fit with corre-
sponding system functions. We argue that systematic replication of
gesture elicitation studies is essential for generalizable gesture sets.

CCS Concepts

•Human-centered computing→ Gestural input; User interface
design; Participatory design; Empirical studies in interaction design;
Mobile devices; Empirical studies in ubiquitous and mobile
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1 Introduction

Asmobile computing increasingly integrates gesture input, the intu-
itiveness and generalizability of user-defined gestures has become
a central focus in mobile and wearable interactions [10,11,24]. In a
larger context, Xia et al. [35] recommended that gesture set design
should consider thirteen quality factors across four categories: situ-
ational (e.g., context and modality), cognitive (e.g., intuitiveness),
physical (e.g., efficiency), and system-related. Through this lens,
both the generalizability and transferability of gesture sets across
diverse interactive devices, user groups, and contexts of use impact
all quality categories above.

Gesture Elicitation Studies (GESs) [34], where participants are
prompted to propose their own gestures to effect specific system
functions, materialized by referents, have been widely applied to
derive gesture sets [31] based on user intuitive behavior [26]. While
these studies produce rich insights, the aspects of their replica-
tion can pose a real threat [9,13] to generalizability and practical
applicability of consensus gesture sets as well as regarding the
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completeness of the collected gestures. In general, a reproducibility
problem [20,21] has been acknowledged in HCI research [14,28,33].

Studies involving mobile interactions remain highly context-
dependent [5,6,16,17,24], influenced by many factors, such as de-
vice type (e.g., smartphone, watch, glasses) [8], body pose (e.g.,
seated vs. walking), environmental constraints (e.g., public vs. pri-
vate) [23], and sociocultural aspects (e.g., social acceptance) [22].
A gesture set considered intuitive in a lab setting may reveal as
impractical or little acceptable in a social context involving real-
world mobile interaction. Therefore, replicating GESs across user
populations, interaction devices, and diverse environments [12]
helps determine which gestures exhibit cross-context stability and
transferability compared to those that are just situational artifacts.
These aspects complement previous concerns about the legacy bias
in end-user gesture elicitation studies [19] and the availability of
tools to support their practical implementation [3,18].

As mobile computing is expected to reach diverse end-user pop-
ulations [32] and contexts of use [31], overfitting gesture design
recommendations to narrow samples risks excluding broader user
preferences. Consequently, more replications involving demograph-
ically diverse and situationally varied samples are necessary. In this
context, this paper addresses the following research question:

What is the effect of replicating a gesture elicitation
study, originally conducted in a specific context, in
new studies involving the same stimuli, task, and anal-
ysis method, but with different participants in differ-
ent settings and different research teams?

Variation in the setting enables us to examine whether the elicited
gestures are influenced by the localization of the study, while vari-
ation in the research team allows us to assess the consistency in
applying the same analysis method. We evaluated these aspects
in the replication studies reported in this work using agreement
rate, thinking time, and goodness-of-fit measures [10,11,34]. After
reviewing prior work in gesture elicitation with a focus on mobile
contexts in Section 2, we present our experimental protocol in Sec-
tion 3, identically applied for all our four replications, and report
findings across our selected set of measures.

2 Related Work

ACM’s [1,2] artifact review and badging system defines an artifact
as “a digital object that was either created by the authors to be used
as part of the study or generated by the experiment itself.” In our
case, data artifacts are represented by the gestures elicited from the
participants during the implementation of the GES. Consequently,
we differentiate between reviewing the same data (i.e., verifying
the analysis) collected in an original study, collecting new data
from the same participants (i.e., repeating the study), and collect-
ing new data by involving new participants (i.e., performing an
exact replication) [27]. We refer readers to the RepliGES space [12],
specifically designed for informing replications of end-user gesture
elicitation studies with different approaches, including repeatability,
repurposability, and extensibility. The Ampliatum framework [28],
introduced for contextual reproducibility in human-computer inter-
action research, builds on these conceptual approaches to perform
replications of interactive prototypes in various contexts of use
involving specific user groups, devices, and environments.

To achieve generalizability, a research team runs the same study
by employing the original method with a sample of participants
drawn from another population to check whether the original find-
ings generalize across populations. For example, Rust et al. [25]
replicated Wobbrock et al.’s [34] original study by eliciting gestures
from a different population, represented by children, and Gheran
et al. [10] replicated a previous study [11] with new participants
from the same population, consisting of young adults.

The research area of mobile interaction includes several impact-
full GESs, which offer upfront gesture sets for smartphones [16,24],
smartwatches [8], smart rings [11], cushions [30], mobile radars [17],
and microinteractions through microgestures [6]. Reutilization of
previously collected data for a different research goal has been
also performed, such as an analysis of gestures elicited in prior
work [11] for a different purpose; see details in [12,28]. This dis-
tinctive type of a replication was not covered by the ACM [2] or
among Tsang and Kwan’s [27] replication types, but is useful in
the context of gesture elicitation to inform gesture sets that work
across devices [8] and contexts of use [31]. For example, Villarreal
et al.’s [31] survey of gesture elicitation examined the most com-
mon gestures and referents used in such studies. Reusing data is
relevant for consolidating acquired knowledge since it can lead to
new discoveries, complements those from the original study.

3 User Studies

To address our research question, we considered a type-7 repro-
ducibility, i.e., addressing generalizability by employing the same
method and new participants [12], to further examine the findings
of an original study [11], partially replicated in [10]. To this end,
we designed and conducted four new replications.

3.1 Participants

We randomly recruited four samples of thirty (n=30) participants
each from internal mailing lists to implement the four GESs, which
we denote in the following as Study 1 (15 female, 15 male, M=37.5,
SD=15.3 years), Study 2 (16 female, 13 male,M=35.5, SD=17.6 years),
Study 3 (12 female, 16 male,M=32.5, SD=12.7 years, one participant
lefthanded), and Study 4 (9 female, 21 male, M=33.2, SD=14.0, two
participants lefthanded). None of the participants had prior expe-
rience with the Ring Zero device, the exact same type as in [11],
and all reported moderate to extensive use of desktop computers,
smartphones, and tablets. In total, 120 participants were involved.
Each study was conducted by a different research team, following
the same set of instructions, consistent with the original GES [11].

3.2 Stimuli and Setup

The referents used in our replications were: Turn the TV on/off,
Start/stop Player, Turn lights on/off, Turn AC on/off, Turn Alarm
on/off, Increase/decrease volume, Go to next/previous item, An-
swer call/Yes, End call/No, Play music, Pause music, Stop music,
Brighten/dim lights, Ask help/assistance, and Turn Heating on-off.
Of these, eleven are shared with the original study [11], whereas
four—Play music, Pause music, Stop music, and Ask help—are new
to collect additional data. The set of referents was the same for
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all four replications, which were carried out in four different lo-
cations simulating a connected IoT home environment. A within-
subjects design was implemented across all studies with each partic-
ipant proposing one gesture per referent, according to the original
method [34] and the study [11] chosen for replication.

3.3 Procedure and Task

Participants signed an informed consent form and completed a
socio-demographic questionnaire asking about age, gender, hand-
edness, and use of digital devices. Subsequently, the participants
were presented with the referents, in randomized order, for which
they proposed gestures representing a good fit to the referents,
easy to articulate and recall. Each session lasted approximatively
25 minutes. We measured the following dependent variables:

• Agreement-Rate, a ratio variable, expressing the agreement
among participants’ gestures, calculated with AGATe [29].

• Thinking-Time, a ratio variable, defined as the time in sec-
onds elapsed between the moment when a referent was first
presented and the the moment when the participant con-
firmed having found a suitable gesture to effect it. Just like
in the original study [11], a stopwatch was used.

• Goodness-of-Fit, an ordinal variable with values ranging
from 1 (low) to 10 (high), indicating the extent to which the
participants perceived the gestures they proposed as suitable
for effecting the corresponding referents.

3.4 Results

3.4.1 Gesture proposals. Each GES resulted in 30 (participants) ×
1 (gesture) × 15 (referents) = 450 gesture proposals, thus totaling
1,800 records across all four studies. Following the analysis of ges-
ture similarity using criteria from [11], we identified twenty-six
different gesture classes across all replication studies. For example,
Table 1 presents a direct comparison between the consensus ges-
tures. Note how some referents are mapped to the same gesture
in multiple studies, such as Increase/decrease volume, confirming
previous findings, while other gestures are similar but map to dif-
ferent referents, like Draw letter “V” used to play music in Study 2,
while it was proposed to answer Yes in Study 4.

3.4.2 Agreement rate analysis. Figure 2 presents Agreement-Rate
values, computed with AGATe [29], for all referents and GESs.
Also, Figure 1, left shows the average rates, which were .16 in
the original study, .09 in the past replication, and .27, .23, .25, and
.17 for in four replications, respectively. The past replication [10]
revealed the lowest agreement, the original study [11] and Study
4 are comparable, and Studies 1 to 3 also show similarities with
respect to this measure. Since the six GESs do not share the same
number of referents exactly, we performed two rounds of statistical
testing, using all referents and using the common referents only.
Independent-sample t-tests revealed few statistically significant
differences, as follows: between the original study and Study 1
(𝑝=.027) with a small effect size (𝑟=.36) across all referents; between
Study 1 and Study 4 (𝑝≤.0001, large effect size 𝑟=.79) across the
common referents; between Study 3 and Study 4 (𝑝=.004, medium
effect size 𝑟=.63); and between Study 2 and Study 4 (𝑝=.042).

3.4.3 Thinking time analysis. Figure 3, left shows the average
Thinking-Time values measured for individual referents in the
six GESs, and Figure 1, right shows averages computed across all
GESs. Significant variations were observed for the different repli-
cation studies. For example, the Turn TV on/off referent had the
shortest thinking time (4.2s) in the original study [11] and the
longest (24.7s) in Study 4. Overall, the past replication [10] and
the four new GESs revealed different average thinking times, with
larger values in Study 3 and Study 4. A Kruskal-Wallis test detected
a statistically significant effect of study, and Conover-Iman [7] post-
hoc tests various significant differences across individual pairs of
referents. In most cases, the original GES [11] and the past replica-
tion [10] were significantly different from Studies 1 to 4. Study 2
also presented significant differences in participants’ thinking times
with respect to Studies 1, 3, and 4, which could be explained by
variation in population sampling. A subsequent Kruskal-Wallis test
(𝐻 (5)=500.84, 𝑝≤.0001) indicated that the average Thinking-Time
of only the common referents was significantly different across
the six studies. When significant differences were detected, Cohen
effect sizes were small to medium with only the difference between
the past replication [10] and Study 4 revealing a large effect size.

3.4.4 Goodness of fit analysis. Goodness-of-Fit was self-reported
by participants as a rating between 1 (low) and 10 (high) regard-
ing how well the proposed gestures matched the referents. Fig-
ure 3, right shows the results for all referents and studies, and
Figure 1, middle presents averages across studies. A Kruskal-Wallis
test indicated that Goodness-of-Fit ratings were statistically differ-
ent across studies. Results of the Conover-Iman post-hoc tests are
shown in Figure 3, right with their significance level overimposed
on the charts but, overall, few statistically significant differences
emerged. For example, a significant difference was detected be-
tween Study 1 and Study 2 for the Go to previous item referent.
A subsequent Kruskal-Wallis test (𝐻 (5)=99.21, 𝑝≤.0001) indicated
that the Goodness-of-Fit of common referents varied significantly
across studies. However, the average ratings remained close, from
7.01 for Study 1 to 8.20 for the past replication [10].

3.4.5 Discussion. Returning to our research question, introduced
in Section 1, we found that the various dependent variables pre-
sented significant variations across the replication studies, includ-
ing at referent level. However, the practical differences were small,
e.g., the average Agreement-Rate values varied between .09 and
.27, falling within the medium range [29]. Similarly, the average
Goodness-of-Fit ratings ranged from 7.01 to 8.20, suggesting that
all participants, both in the original study and the replications,
were satisfied with their gesture-to-function mappings. From the
perspective of these two measures, the variation in research team
had little practical effect on the results. Thinking-Time varied
considerably more across the studies, from an average of 3.2s to
18.5s—however, this measure is less critical compared to the previ-
ous ones. In light of these findings, the crucial question appears not
to be the time it takes participants to think about suitable gestures
so that researchers can reproduce findings on user-defined gestures,
but whether participants agree on the same gesture types and to
what extent. These aspects are key to designing consensus ges-
ture sets that have high generalizability and transferability across
interactive devices [8], use groups [10,25], and contexts of use [31].
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Table 1: Examples of gestures reaching consensus among participants’ proposals elicited in our replication studies.

Referent Study 1 Study 2 Study 3 Study 4

Turn TV on/off Press a button Press a button on a remote con-
trol

Swipe one finger up/down Finger forward

Start/stop player Bend a finger Press an imaginary button in
mid-air

Swipe two fingers up/down Finger forward, back and
forward

Turn lights on/off Close fingers Snap fingers Draw letter “L” in mid-air Open/Close fist
Increase volume Turn three fingers clockwise Swipe up Swipe clockwise Draw hairspring clockwise
Decrease volume Turn three fingers counter-

clockwise
Swipe down Swipe counterclockwise Draw hairspring counter-

clockwise
Play music Draw letter “M” in mid-air Draw letter “V” in mid-air Swipe up Draw triangle
Pause music Press a button Forward gesture with out-

stretched palm
Swipe down Draw inverse of letter “N”

Stop music Press a button Forward gesture with out-
stretched palm

Swipe forward and back Draw a square

Go to next item Swipe right Swipe right Draw a circle clockwise Swipe right
Go to previous item Swipe left Swipe left Draw a circle counterclockwise Swipe left
Answer call/Yes Draw a check in mid-air Thumbs up Draw letter “Y” in mid-air Draw letter “V” in mid-air
End call/No Swipe up Thumbs down Draw letter “N” in mid-air Draw letter “X” in mid-air
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Figure 2: Comparison of Agreement-Rate values, all referents considered, from our four replications against the original

study [11] and a past replication [10]. Note: error bars show 95% confidence intervals.

4 Conclusion

To ensure the completeness, representativeness, and generalizabil-
ity of user-defined gesture sets for mobile and wearable interaction,
the scientific community must treat replications [12,28] not as op-
tional but integral to end-user gesture elicitation, since different
replications may produce significantly different results depending
on the evaluation measure. Our findings indicate that agreement
rate, goodness of fit, and thinking time can vary across referents
and studies. Future work should address more variations in the ex-
perimental settings, including scenarios involving the user seated
vs. walking or traveling, located inside [4] or outside [23] in smart
buildings vs. outdoor environments of various kinds, as well as
when engaging with gesture interaction in front of various audi-
ences [24] in a public context for increased social acceptability [15].
Also, other evaluation measures could be considered for comparing
findings about user-defined gestures across different replications,
besides those used in our study, such as coagreement rates [29] com-
puted between referents, settings, and user groups. The reliability

of evaluating these measures across different research teams should
also be taken into account in more depth, e.g., thinking times were
measured in our studies with a stopwatch, just like in the original
study [11], but actual usage of the stopwatch with respect to the
start and stop moments may have introduced variations across the
teams. Such specific aspects can be addressed in future work with
replication types further informed by dedicated frameworks, such
as RepliGES [12] and Ampliatum [28]. With repeated validation
in context, replication studies can support the generalizability and
transferability envisioned for user-defined gestures across diverse
mobile and wearable interaction scenarios for consistent user per-
formance and experience. We still need to address the question of
how many studies to replicate and how many participants to gather
to obtain a set of gestures that maximize coverage and minimize
variation, bearing in mind that the same referent may or may not
give rise to the same consensus gesture across different studies.
We need to define a cumulative elicitation study procedure that
considers repeated gestures from one replication to the next.
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Figure 3: Comparison of Thinking-Time (left) and Goodness-of-Fit (right) average values of common referents in our four

studies against the original study [11] and a past replication [10]. Note: error bars show 95% confidence intervals. The level of

significance is defined as: 𝑝≤.05∗, 𝑝≤.01∗∗, and 𝑝≤.001∗∗∗.
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details. The charts reproduced in this paper are also included.
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