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ABSTRACT

Selection studies are prevalent and indispensable for VR research.
However, due to the tedious and repetitive nature of many such
experiments, participants can become disengaged during the study,
which is likely to impact the results and conclusions. In this work, we
investigate participant disengagement in VR selection experiments
and how this issue affects the outcomes. Moreover, we evaluate
the usefulness of four engagement strategies to keep participants
engaged during VR selection studies and investigate how they impact
user performance when compared to a baseline condition with no
engagement strategy. Based on our findings, we distill several design
recommendations that can be useful for future VR selection studies
or user tests in other domains that employ similar repetitive features.

Index Terms: Human-centered computing—HCI design and evalu-
ation methods—User studies; Human-centered computing—Virtual
reality; Human-centered computing—Pointing;

1 INTRODUCTION

As selecting objects is one of the fundamental tasks in virtual re-
ality (VR), selection studies are prevalent in VR research (see re-
views [2, 42]). Researchers conduct these studies to evaluate and
compare different interaction techniques [4, 75], gather empirical
evidence for pointing models [80, 84] and attempt to understand
user selection behavior [6]. Such studies usually require partici-
pants to complete hundreds or even thousands of repetitive trials
to measure user performance more accurately (e.g., [4, 41, 59, 74]).
In a typical selection trial, participants are asked to select a single
color target (normally a sphere), possibly among a set of distractors
(often spheres in a different color), in a monochrome VR environ-
ment [4, 69, 78]. Given the repetitive and tedious nature of many
of these experiments, participants are likely to become disinter-
ested with the task at hand [46, 71, 80]. More physically demanding
tasks, such as the ones that require mid-air pointing [32, 34, 83] and
body/head-based selection [49, 85] can also trigger fatigue more
quickly. As a result of these factors, participants may disengage
from the selection task and perform poorly, which can influence the
study results [12, 14, 51, 74, 80].

The challenge of participant engagement in VR selection studies
was first, to the best of our knowledge, mentioned by Wingrave and
Bowman in their early work [80]. In their work, they found that
initially the participants were motivated to perform well in order
not to fail the researcher. However, after a period of time, when
participants became disengaged, their main concern was to complete
the experiment so that they could leave. The researchers further
argued, “this is problematic for comparing early and later trials”.
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Surprisingly, this issue was seldom mentioned thereafter in VR
selection literature.

We summarize three possible reasons for the lack of research
regarding this problem: 1) researchers rely on counterbalanced study
designs, for example, half of the participants complete condition
A before B, with the other half finishing B before A. In this case,
they assume the influence of disengagement will cancel out between
different testing conditions; 2) studies commonly allow participants
to take rests at different points in the experiment to help them re-
cover; and 3) monetary incentives (e.g., vouchers) are sometimes
used to motivate participants to complete the task. These methods
can certainly work to some extent. However, even with a counter-
balanced design, study results might still get affected because the
engagement level of different individuals can decrease at different
speeds [12]. Thus, the ones who disengage faster can “fail” more
conditions than the others which can be harmful for small sample
studies. Furthermore, research suggested that counterbalancing does
not eliminate the risk of order effects [13, 43]. Having a short rest
can surely recover muscle fatigue, but not necessarily the tedium.
According to Flow Theory [14,51], participants can experience bore-
dom once they are over-skilled (because of the numerous repetitions)
in the task. Finally, payments do not always ensure high engagement
with the study and can sometimes undermine participants’ inter-
nal motivation [15, 50]. Accordingly, a more ideal solution is that
participants remain engaged throughout the experiment.

While there exists extensive research on participant motivation
and engagement in other types of experiments (e.g., [3, 10, 22, 25,
39, 76]), it remains unknown if these approaches are applicable to
VR selection experiments. Furthermore, it is unclear how these
approaches would compare to traditional task settings, and if and
how they would affect user performance. Thus, in our work, we
raise the following research questions: RQ1. Is there any evidence
of participant disengagement in VR selection studies? RQ2. Will
disengagement influence study results? RQ3. How can we keep
participants engaged during VR selection studies? RQ4. How will
different engagement strategies affect user performance?

To answer these questions, we conducted a user study comparing
four motivational strategies (mini-story, companion and encourage-
ment, texture and animation, and ambient music) and a baseline
(traditional selection task settings). In this paper, we first introduce
works that are related to our research. We then present the study
framework and the user study. After that, we discuss our findings
and conclude the paper. The main contributions of this research
include:

• An exploratory experiment of the participant disengagement prob-
lem during VR selection studies.

• The use and evaluation of different motivational strategies in VR
selection studies and their impact on participant engagement.

• A set of design recommendations that can be useful for future VR
selection studies or user experiments that employ similar repetitive
features.

2 RELATED WORK

In this section, we first review earlier attempts to engage participants
in selection studies. We then introduce the motivation theory, with
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an emphasis on intrinsic motivation and its related essential fac-
tors. Finally, we go through the motivational strategies and intrinsic
motivators that are more related to our research.

2.1 Selection Studies and Participant Engagement
While extensive research has been conducted regarding object selec-
tion in VR, little work has considered the participant engagement
problem in selection studies. Wingrave and Bowman, after recog-
nizing that participant engagement could invalidate their results,
attempted to engage participants in their selection study by display-
ing participants’ trial time in VR to foster their competitiveness
and thus their engagement [80]. Cassidy et al. [11] modified the
traditional selection task and developed FittsFarm, which aimed at
involving children in a selection study with stylus-tablet input. The
children (participants) were asked to drag and drop the apple (the
first target) to feed the lion (the second target). Henze and Boll [29]
deployed a gamified software to the wild for a selection study and
collected a substantial amount of input data. They found a weak
correlation when applying Fitts’s law model to the collected data.
Further, Knoche et al. [40] have conducted gamified selection stud-
ies in the wild and the lab. However, none of these works confirmed
that there was an effect of disengagement through empirical data.
Furthermore, the usefulness and potential effects of the motivational
strategies remain unknown, as there was no comparison to a control
group.

2.2 Motivation Theory
An extensive body of research has investigated how to make people
feel motivated and energized toward certain ends (e.g., [39, 54, 55]).
Among them, two types of motivations have been identified: extrin-
sic motivation and intrinsic motivation [62]. Extrinsic motivation
refers to doing something because it leads to a separable outcome
(such as a monetary reward), whereas intrinsic motivation is de-
fined as doing something since it is inherently engaging (doing
a sport because it is internally rewarding rather than to win any
prizes) [7, 62, 79]. While increasing extrinsic and intrinsic motiva-
tion can both induce a higher level of engagement [62], our work
focuses on intrinsic motivation, where engagement derives from the
completion of the task itself.

One recent work has reviewed literature in games and psychol-
ogy, and summarized six key factors that are related to intrinsic
motivation [60]. The first three elements, namely competence, au-
tonomy, and relatedness, come from the Self-Determination Theory
(SDT) [63]. They specify people’s innate needs for engaging with op-
timal challenges and experiencing mastery, self-organizing their own
behaviors, and connecting with others [15]. In addition, the curiosity
component is also frequently mentioned in the literature, which is
the degree to which people can continue to arouse and satisfy their
inquisitiveness [45]. The immersion element normally refers to the
“suspension of disbelief” and can be composed by, for example, com-
pelling storytelling and creating a lively game-world [27, 61]. The
final factor is domination, which can be interpreted as people’s needs
to exert influence on others [60]. The six factors mentioned above
align well with a more comprehensive meta-synthesis of different
player types [27].

2.3 Motivational Strategies and Intrinsic Motivators
Previous works have reviewed motivational strategies and intrinsic
motivators in great detail [1, 54, 55, 60]. Here, we only focus on the
ones that are more relevant to our study.

Gamification [16, 67], which is “the use of game elements in
non-game contexts”, has been extensively applied in research to, for
example, improve user performance [5, 24, 76] or increase people’s
engagement and motivation in doing certain activities [20, 52]. It
normally refers to including design elements such as points, leader-
boards, and levels which can potentially influence the need for com-

petence and social relatedness (mainly leaderboards) and enhance
participants’ performance [35, 47, 56]. Other components like mean-
ingful stories and avatars can bring a sense of autonomy, immersion,
and curiosity, but do not relate to performance directly [26, 35].

A similar but different concept, which was named “juiciness”,
explicitly considers the condition when a player’s action can trigger
multiple visual and audio reactions [31, 36]. It can be the use of
animation, particle, and sound effects to create positive and engaging
user experience [30]. Research indicated that juiciness elements
could facilitate intrinsic motivation, but not necessarily improve user
performance [31].

Companion and encouragement (praise) are essential means to
motivate or persuade people to reinforce their behavior [55]. Such
facilitation can be carried out by the presence of virtual characters
[23,53], and they have been shown to raise people’s motivation, both
intrinsically and extrinsically [19]. They may also increase social
relatedness, especially when a user is wearing a VR headset, which
“isolates” them from the real world. Previous work suggests that
participants performed a simple task better, but a challenging one
worse, in the presence of a virtual character in AR [48].

Music is an effective remedy for anxiety which is especially
harmful to study engagement according to Flow Theory [14, 51, 68].
Music can also result in higher enjoyment [37, 70], reduce motion
sickness [38], and it has been actively used in games and movies to
immerse players and audiences in the experience [61]. Researchers
have identified that there is a relationship between music tempo,
which is the speed of the underlying beat of the music, and user
performance [18, 65]. For example, participants were found to be
much quicker in performing a target selection task on smartphones
in music conditions (both fast and slow tempo music) comparing to
a silent condition [65].

3 STUDY FRAMEWORK

In this section, we present the study framework, including the multi-
directional tapping selection task, the four study scenarios that are
incorporated with different intrinsic motivators and the baseline
condition. We furthermore present the eight measurements that were
used for the scenario comparisons.

3.1 Experimental Task

We can classify the existing VR selection tasks into two main types:
one generates targets in pre-defined and predictable locations [4,49],
the other randomizes the target position under certain constraints
(e.g., a fixed distance to a home button where each selection starts
from) [78]. In this research, we used the multi-directional tapping
task [69] under the first type of task design as it has been standardized
for selection studies [33]. In addition, the randomized design creates
a higher workload for participants to collect the same amount of
trials, as the cursor has to return to the home button after each
selection.

Our selection task follows the standard ISO9241-9 design [33,69]
and presents 21 spherical targets organized in a circle (see Figure
1). The participants are required to select the targets in a clockwise
manner, following the path shown in Figure 1E. For each trial, a
participant needs to control the ray, which emanates from the hand
position, to point at the highlighted goal target and presses the trigger
button to confirm the selection. After the selection confirmation,
a short sound will be provided to indicate the correctness of the
selection. The next trial will start with a new goal target highlighted.
The participant then moves the cursor to the new target. After
completing one circle of 21 targets, another round of selection starts.
Note that the first selection is discarded for each circle following
previous research [82, 84], leaving 20 timed trials.
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Figure 1: A demonstration of the scenarios used in this work (A-D). (A) Baseline (or Music, as the only difference between the two is the audio);
(B) MiniStory : the blue sky and the snowman were used to immerse participants in the storyline; (C) Coach: a virtual coach will accompany and
encourage the participants during the rest period of the experiment; and (D) Shooting: texture (blue sky) and animation (the explosion of the
target) were provided. (E) The participants were required to follow the path indicated by the arrows to select the targets in order.

3.2 Study Scenarios
The design rationale of the scenarios was that the motivational strate-
gies should not shift the speed-accuracy trade-off severely but pos-
itively engage participants in the study, with potentially improved
overall performance in the long run. For example, approaches like a
leaderboard are not ideal as they can make participants more “com-
petitive” in the experiment, increasing selection speed but lower the
accuracy, to win a better position on the board [64]. Embedding such
elements are likely to strongly influence the study results, and the test
results no longer represent natural selection conditions. On the other
hand, using methods that can increase perceived user engagement
and persist high performance in the longer term can be beneficial for
such studies. Therefore, based on the rationale, we browsed through
the potential strategies in the literature (e.g., [54, 55, 60]) and care-
fully chose the following four strategies: story (MiniStory), compan-
ion and encouragement (Coach), texture and animation (Shooting),
and ambient music (Music). Across all the conditions described
below, the objects (white color), target (yellow color), virtual hands,
and selection ray (red color) remained consistent.

• Baseline. The Baseline scenario mimicked other VR selection
study settings (e.g., [4, 77]) with a grey background (see Figure
1A). A correct or wrong sound was given according to the correct-
ness of each selection.

• MiniStory. The MiniStory scenario contained a fully-animated
virtual character (a snowman) and blue sky to immerse users
in the story (see Figure 1B) [61]. Before the task started, par-
ticipants were asked by the snowman to collect snowballs as it
was melting because of the strong sunlight. After accepting the
mission, participants then proceeded to the selection task. The
snowman disappeared when the users were performing the task,
in order not to distract them thus influence the performance. The
snowman, which became larger because of the collected snow-
balls, showed up between the resting period and requested users
to get more snowballs. After finishing the task, the snowman
thanked the participants for their help. All scripts are documented
in the supplementary material and the sound feedback was the
same as Baseline. By bring the immersion and curiosity with the
story [26, 35], we expected users to be more engaged in the study.

• Coach. The Coach scenario had another fully-animated virtual
character (a coach) on a grey background (see Figure 1C) [53].

Before the task, the coach welcomed participants to the selection
study, and then moved to the right side of the users, saying “I will
be accompanying you in this scenario”. Participants were not able
to see the character when performing the task, if not rotating their
head to the right. This ensured that the character did not influence
user performance directly. After finishing certain blocks, the coach
would say some encouraging words to inspire the participants [55].
The scripts are documented in the supplementary material, and
the sound feedback was the same as Baseline. As suggested by
previous work (e.g., [18]), the encouragement and companionship
provided by the virtual character can possibly raise participants’
motivation and increase their engagement level.

• Shooting. The Shooting scenario used a blue sky texture to im-
merse users in this game-like scenario. Animation and particle
effects (the explosion of the target) would be triggered when
users selected the right object (see Figure 1D). In the meantime,
a smashing sound would be played to simulate the explosion of
the target. The “juiciness” elements [31, 36] happened once the
selection was made; thus, we hypothesized that they would not
affect user performance directly. We expected that these juiciness
elements could create positive and engaging user experience [30].

• Music. Previous work suggests that music tempo has a substantial
impact on selection performance [65]. Therefore, to leverage
its benefits, we used ambient music 1, which does not have a
detectable tempo. The music was played throughout the whole
scenario. The visual settings and sound feedback were the same as
the baseline condition. Since music can provide various benefits
such as heal anxiety [68] and lead to higher level of enjoyment
[70], participants could possibly be more engaged in the study.

3.3 Measurements
• Selection Time: The elapsed time between when the target ap-

pearing and the selection being made (by pressing the trigger).

• Error Rate: The percentage of error trials for each condition.

• Throughput (TP): The unified term which combines both speed
and accuracy. We calculated TP via Equation 1, where IDe is
the effective index of difficulty, MT is the selection time, Ae is
the average actual movement distance, and SDx,y is the bivariate

1From https://youtu.be/RQcLIm-s75U.
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endpoint deviation (more details in previous work [69, 72, 73, 82,
84]). Throughput is independent from the speed-accuracy trade-
off, which allows us to compare “fast but reckless” and “slow but
careful” selections [44, 82].

T P =
IDe

MT
=

log2 (
Ae

4.133×SDx,y
+1)

MT
(1)

• Self-Assessment Manikin (SAM) Questionnaire [9]: A picto-
rial assessment technique that measures a person’s emotion re-
sponse (pleasure, arousal, and dominance) towards stimulus. We
used the 5-point SAM scales in this study.

• User Engagement Scale Short Form (UES-SF) [57]: A ques-
tionnaire that quantifies user engagement in interaction tasks.
Since not all subscales are relevant to our study, we only used
focused attention (FA, the feeling of absorption and losing track of
time), aesthetic appeal (AE, the attractiveness and virtual appeal
of the interface), and reward (RW, the worthiness and interest-
ingness of the experience) factors, with three questions for each
factor. We used 5-point scales for each question.

• Raw NASA-TLX [28]: An assessment tool that rates the per-
ceived workload. The total workload is composed of six subscales
rated on 5-point scales, including mental demand, physical de-
mand, temporal demand, performance, effort, and frustration.

• Semi-Structured Interviews. We conducted a semi-structured
interview with each participant at the end of the experiment. We
were interested in determining what motivated participants to
complete the experiment. We also discussed the study disengage-
ment problem and potential ways to make selection studies more
engaging with participants.

• Observations: We recorded observation notes regarding partici-
pants’ task performance. The observations focused on participants’
posture, facial expression, and their interactions in the virtual envi-
ronment (from a computer screen that duplicated what participants
saw in VR).

4 USER STUDY

The purpose of the study is to explore and answer the research
questions (RQ1-4) raised earlier in the paper. To achieve that, we
compare four scenarios based on different motivational strategies
and the baseline scenario, which mimics traditional selection studies
in VR.

4.1 Experimental Design and Procedure
The study employed a 5 × 6 within-subjects design with two factors:
SCENARIO and BLOCK. The SCENARIO factor is composed of
Baseline, MiniStory, Coach, Shooting, and Music. The Block factor
has 6 subsequent blocks, each contains 60 selection trials. The order
of the SCENARIO was counterbalanced using a Latin Square design.

The whole experiment lasted about 40-50 minutes for each partic-
ipant, which is comparable to other selection studies (e.g., [41, 77]).
Participants were first introduced to the experiment, which was said
to be “a selection study in virtual reality”, and signed a consent
form. They then filled in a pre-experiment questionnaire for their
demographic information. After that, they were invited to wear the
VR headset and were instructed how to perform the selection tasks.
We informed the participant to complete the tasks as quickly and as
accurately as possible, while no specific accuracy requirement was
placed. Next, they proceeded to the warm-up phase, with 20 practice
trials (in the Baseline setting). They were allowed to raise questions
at this point. The formal experiment was divided into five sections
corresponding to the evaluation of five scenarios. In each section,
they first practiced the selection for 20 trials, and then proceeded
to the timed trials. They were asked (by our program) to take a

rest every 120 trials and were requested to complete the question-
naires after finishing each scenario, namely SAM, UES-SF, and Raw
NASA-TLX, as mentioned in Study Framework. The questionnaires
were presented in VR as previous work has shown that this can
reduce study duration and user disorientation [66]. Participants were
compensated with a $10 voucher after completing the experiment.

4.2 Participants, Apparatus, and Materials
We recruited 21 participants (10F/11M), aged between 19-39 (mean
= 24.5 ± 4.6), from diverse educational backgrounds from a local
university campus. One participant was removed from the final
analysis due to severe disengagement (discussed later). The remain-
ing participants had normal or corrected-to-normal vision, and rated
their familiarity with VR as moderate (average 3.5 ± 0.9 on a 5-point
scale).

Participants wore an Oculus Rift headset and interacted with
our application using an Oculus Touch wireless controller. The
experiment was conducted on an Intel Core i9 processor PC with
a dedicated NVIDIA GTX 1080 graphics card. The software was
developed using C#.NET and ran on the Unity3D platform.

4.3 Empirical Results
In total, we collected 36,000 data points (20 participants × 5 scenar-
ios × 6 blocks × 60 repetitions) from the experiment. We removed
the outliers that deviated by more than three standard deviations from
the averaged selection time in each condition, a common practice in
these type of experiments (e.g., [84]). As a result, 479 data points
(∼1.3%) were discarded, leaving 35,521 data points for analysis.

4.3.1 General Trend
To avoid ambiguity with ‘Block’, we define a new term called Se-
quenceBlock, which refers to the block number ordered in time
sequence over the whole experiment. For example, SequenceBlock
10 means the fourth block of trials during the second scenario in the
entire experiment. Considering we have 5 scenarios and 6 blocks,
there are 30 SequenceBlocks in total.

From Figure 2, we were able to identify a clear trend that, as the
experiment went on, the averaged selection time of all participants
kept decreasing. The error rate was relatively stable in the first
half of the experiment (until around SequenceBlock 15) but started
increasing in the latter half. The throughput steadily increased up to
SequenceBlock 20, and then stabilised for the remaining blocks.

Figure 2: The general trend of selection time (left), error rate (middle),
and throughput (right) over the whole experiment (5 Scenarios × 6
Blocks). The error bands indicate ± 95% confidence intervals.

4.3.2 Repeated Measures Analysis
Selection Time. Shapiro-Wilk tests indicate that the selection
time data of one condition (Shooting, Block 4) was not nor-
mally distributed (p = .009). To conduct repeated measures
ANOVA (RM-ANOVA), a Box-Cox transformation with λ = 0 (log-
transformation) was applied to correct non-normal residuals [4,8]. A
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Figure 3: The averaged selection time (left) and error rate (right) of
six blocks. The error bars indicate ± 95% confidence interval.

Figure 4: The averaged throughput of different scenarios over six
blocks. The error bands indicate ± 1 standard error. The throughput
of the Baseline scenario kept dropping in the last four blocks.

RM-ANOVA2 indicated that BLOCK (F5,95 = 6.14, p < .001,η2
G <

.01) had a significant main effect on selection time, but not SCE-
NARIO (F2.48,47.06 = 0.80, p = .478,η2

G = .01). Pairwise compar-
isons found significant differences between Block 1 and Block 2-5
(all p < .050), and a marginally significant difference with Block 6
(p = .077). An interaction between SCENARIO and BLOCK was
identified (F20,380 = 1.85, p = .015,η2

G < .01); however, no clear
results could be drawn from the interaction effect.

Error Rate. The error rate data underwent pre-processing through
Aligned Rank Transform (ART) [81] to take into account the non-
normal distribution. RM-ANOVA tests reveal that both SCENARIO

(F4,551 = 5.06, p < .001) and BLOCK (F5,551 = 2.67, p = .021) had
significant main effects on error rate. The averaged error rates across
six blocks are presented in Figure 3, right. Post-hoc pairwise com-
parisons showed that Baseline and Shooting (p = .003), MiniStory
and Shooting (p = .023), Music and Shooting (p = .002) were sig-
nificantly different from each other. In addition, differences in error
rate between Block 1 and Block 4 (p = .026), Block 1 and Block 6
(p = .029) were statistically significant. No interaction effects were
found in the error rate data (F20,551 = 0.58, p = .926).

Throughput. Shapiro-Wilk tests show that the throughput data
was normally distributed (all p> .1). RM-ANOVA tests indicate that
both SCENARIO (F2.53,48.03 = 0.53, p= .636,η2

G < .01) and BLOCK

(F5,95 = 1.48, p = .203,η2
G < .01) did not have a significant effect

on throughput. A marginal interaction effect was found between
SCENARIO and BLOCK (F9.26,175.94 = 1.84, p = .063,η2

G = .01).

4.3.3 Analysis within Blocks
As shown Figure 4, the throughput of Baseline dropped continuously
from the third block onward. This is also indicated by a RM-ANOVA
test on Baseline with later four blocks (F3,57 = 3.48, p = .021,η2

G =

2For all RM-ANOVA tests, Greenhouse-Geisser adjustments were applied

when the sphericity assumption was violated and Bonferroni corrections were

used in pairwise comparisons.

Table 1: The table summarizes the results from paired-sample t-tests
(upper-tailed, significant level α = 0.05, comparing Baseline to the
other four scenarios), effect size based on Cohen’s d, mean value (μ),
and 95% confidence interval (CI) for each scenario in the last block.

Scenario t p Sig? d μ CI

Baseline - - - - 3.23 [3.01, 3.46]
MiniStory 0.80 .217 no 0.15 3.32 [3.05, 3.58]
Coach 2.08 .026 yes 0.50 3.50 [3.27, 3.72]
Shooting 2.60 .009 yes 0.65 3.58 [3.34, 3.81]
Music 1.86 .039 yes 0.40 3.46 [3.19, 3.74]

.02) 3. Pairwise comparisons show that Block 6 had a significantly
lower throughput than Block 3 (p = .037). Therefore, we conducted
paired-sample t-tests on the last block (where the scenarios also
diverged the most) to assess how the throughput of Baseline differed
from other scenarios (MiniStory, Coach, Shooting, and Music). We
summarize the detailed results, including t-tests, Cohen’s d (effect
size), mean value, and 95% confidence interval for each scenario
in Table 1. The results suggest that Coach, Shooting, and Music
scenarios had significantly higher throughput than Baseline in the
last block (Block 6), with medium effect sizes.

4.3.4 Analysis based on Individuals
Four representative individual results are shown in Figure 5. The
data trends of P2 and P4 imply disengagement, while P11 had rela-
tively stable performance. We also included P20, whose data were
eliminated from the analysis, because of the severe disengagement
with a high error rate throughout the whole study (except for the first
block).

4.4 Questionnaire Results
We collected a total of 1,800 questionnaire answers (20 participants
× 5 scenarios × 18 questions) from the experiment. During the data
analysis procedure, when using RM-ANOVA tests, the subjective
data were pre-processed through ART [81] to take any non-normal
distributions into account.

4.4.1 Validity Checking
RM-ANOVA tests were conducted on all scales (three emotion re-
sponses, three engagement subscales, and six workload ratings)
across the scenario appearance order (from the first scenario experi-
enced to the last scenario). No significant difference was found (all
p > .05). This suggests that participants kept a relatively consistent
rating from the start of the experiment to the end; rather than, for
example, giving later scenarios a lower score because they were
affected by previous scenarios.

4.4.2 Repeated Measures Analysis
Emotion Response. A RM-ANOVA test shows that SCENARIO did
not have a significant effect on pleasure (F4,76 = 1.47, p = .220),
arousal (F4,76 = 0.34, p = .846), or dominance (F4,76 = 1.30, p =
.280).

Engagement. RM-ANOVA tests indicate that SCENARIO had sig-
nificant main effects on focused attention (F4,76 = 11.78, p < .001),
aesthetic appeal (F4,76 = 3.78, p = .007), and reward (F4,76 =
5.42, p < .001). Pairwise comparisons revealed that MiniStory,
Shooting, and Music led to higher focused attention values than
Baseline (all p < .001). In addition, the focused attention of Shoot-
ing was significantly higher than Coach (p = .001). The post-hoc
tests also show that Shooting (p = .011) and Music (p = .034) had
higher aesthetic appeal rating than Baseline. Moreover, MiniStory

3The RM-ANOVA result on Baseline with all blocks was F5,95 =
2.21, p = .059,η2

G = .02 for reference.
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Figure 5: The selection time, error rate, and throughput of four different individuals over the whole experiment.

Figure 6: The box plots from the results of user engagement scales.

(p = .031) and Shooting (p = .001) had higher reward rating than
Baseline. The reward value of Shooting was also higher than Coach
(p = .020). The results of the user engagement scales are summa-
rized in Figure 6.

Workload. RM-ANOVA tests did not show significant effects
of SCENARIO on perceived workload: Mental Demand (F4,76 =
0.46, p = .765), Physical Demand (F4,76 = 1.20, p = .318), Tem-
poral Demand (F4,76 = 0.70, p = .595), Performance (F4,76 =
1.17, p = .330), Effort (F4,76 = 0.15, p = .963), and Frustration
(F4,76 = 0.58, p = .679).

4.5 Interviews and Observations
When asked about what motivated them to finish the study, 10
participants explicitly mentioned that it was because they wanted to
leave the experiment. One stated, for example, “I want to finish the
five scenarios as soon as possible”. Some others were keen to receive

their vouchers, saying like “I want to have the voucher and leave”.
Among the ten participants, two of them brought up the commitment
they made before the study. “I have to finish because I’ve committed
to doing so”, as one said. Interestingly, two participants reported
that they wanted to ‘test’ themselves during the experiment. One
(P3) noted that “I want to see how focused I can be during the
study”. The other (P15) answered that “I want to examine myself...
I feel competitive during the task, and I want to be the best in the
study”, although the participants knew that researchers might not be
interested in finding the best one. Some participants said that they
were curious about the purpose of the study (N=2), or their intention
was to experience VR studies (N=2).

During the interviews, several participants explicitly mentioned
that the snowman (N=9), the shooting game (N=7), the music (N=9),
and the encouragement from the VR character (N=1) were helpful,
while the baseline condition was tedious and boring (N=2). “It (the
experiment) was actually not that boring, and the shooting element
was the best”, “The animation was quite interesting”, “The music one
(scenario) was very nice”, uttered by different participants. However,
negative comments (N=2) also existed towards the engagement
methods. For example, P15 stated that “I tried not to listen to
what was said by the snowman and the boy [coach] because they
felt artificial”.

Participants maintained different sitting postures during the ex-
periment according to our observations. Participants first started in
a comfortable sitting position. As the experiment proceeded, some
changed to other postures, including crossing the legs, leg-shaking,
tilting the head, etc. Some of them yawned at certain points during
the study and kept adjusting the headset. Noticeably, two partic-
ipants held the shooting posture in the study, and one of the two
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was actively interacting with the virtual character before the formal
experiment started (e.g., waving the hands). One participant, whose
data were discarded as mentioned before, started selecting objects
randomly after two scenarios.

5 DISCUSSION

In this section, we first discuss the answers to the research questions
(RQ1-4), which were raised at the beginning of the paper. We then
present other findings that are related to study engagement. Finally,
we offer recommendations for future selection studies.

5.1 Research Questions
RQ1. Is there any evidence of participant disengagement in VR
selection studies? Yes, three factors from our study suggest that
participants are likely to disengage from the experiment in the Base-
line scenario, which was designed to be similar to current practices
in selection studies. First, the throughput of the baseline condition
dropped significantly in the last four blocks, as shown in Figure 4,
while this was not the case for the scenarios Music, Shooting, and
Coach. This indicates that, overall, participants were not able to
maintain their initial performance in the Baseline scenario. Second,
all subscales from the user engagement questionnaire were rated
lower than borderline (3) for Baseline. Participants found it was
not able to capture their attention (focused attention scale) and was
neither appealing nor rewarding. Third, qualitative data shows that
participants found the Baseline scenario tedious and boring.

RQ2. Will disengagement influence study results? The short an-
swer is that it will influence the results, but the effect size depends
on the purpose and sample size of the study. In Baseline, user per-
formance dropped in the last few blocks—the disengagement does
matter when the absolute performance of a condition is measured.
However, when the goal of the study is to compare different vari-
ables (e.g., techniques, scenarios, etc.), and when these factors are
counterbalanced, the answer is not as straightforward. As we see
from the individual plots, participants disengaged from the study at
different points, which means that the participant who disengaged
earlier would “fail” more conditions than the others. In some cases,
we are probably still able to trust the results, given numbers of
participants repeating the condition multiple times in a balanced
order. The effect from the disengagement might be averaged out (but
it certainly increases variances). Nevertheless, the disengagement
problem will be much more harmful to small sample studies, as
a single disengaged participant can significantly impact the final
results.

RQ3. How can we keep participants engaged during VR selec-
tion studies? Our study results suggest that introducing a mini-story
(MiniStory), companion and encouragement (Coach), texture and
animation (Shooting), and ambient music (Music) all had positive
effect on study engagement. The empirical results indicate that
participants were able to sustain their performance throughout six
blocks in the Coach, Shooting, and Music scenarios. In addition,
MiniStory, Shooting, and Music generally led to participants feeling
more engaged and led to higher intensity of flow experience [14]
than Baseline. MiniStory and Music were both considered appeal-
ing to participants, while MiniStory and Shooting were seen as
more rewarding than Baseline. The qualitative data provides fur-
ther evidence that adding motivational elements can make the study
experience more engaging.

RQ4. How will different engagement strategies affect user perfor-
mance? On the one hand, engagement strategies including Coach,
Shooting, and Music can help participants maintain their study perfor-
mance (throughput) longer than Baseline. On the other hand, some
approaches might shift the speed-accuracy trade-off [84]. While
the throughput was relatively stable across the five scenarios (RM-
ANOVA was not able to find statistical significant differences be-
tween SCENARIO), Shooting led to higher error rates than Baseline.

That is, participants tended to be quicker but more cursory in terms
of selection.

5.2 Other Findings
Apart from answering the research questions, we also identified
other findings regarding user performance and subjective feedback.

Our results show that the overall trend of selection time kept de-
creasing, and the throughput kept increasing. We identified two pos-
sible reasons for this. First, learning effects, conceivably the acquain-
tance to the controller helped improve the performance (throughput).
As participants got more used to the controller, they were able to
complete the task faster and more accurately. Ultimately, what limits
our performance with input devices is information processing [21].
The more experience the participants have with an input device, the
less the device itself matters and the closer they get to the informa-
tion processing limit. However, learning effects alone do not explain
the raise of error rates, especially the increase around SequenceBlock
15. The second reason might be that the participants were somewhat
disengaged from the study at about SequenceBlock 15, therefore,
starting to shift the speed-accuracy trade-off and ignore some of
the errors. That is, they became “fast and inaccurate” users from
“slow and precise” users. Based on this rationale, we can reasonably
infer that the overall error rate throughout the whole study might
be a useful identifier for participant disengagement. Furthermore,
it is also indicated that although engagement strategies can engage
users relatively better than the Baseline setting, the effects might
not be able to last for the whole experiment. As time passes, en-
gaging strategies will become less attractive as participants become
accustomed to them.

Similar patterns can be found for each scenario (within the six
blocks). The statistical analysis indicates that BLOCK had significant
main effects on both selection time and error rate, but not through-
put. Our post-hoc reasoning revealed that the selection strategy of
participants was transformed from a slower but more accurate way
to a faster but more cursory approach.

In terms of subjective feedback, the engagement strategies used in
this study led to higher user engagement, but not necessarily higher
pleasure, arousal, dominance, or perceived workload. Different
participants had different opinions toward the engagement strategies;
they generally appreciated it, while a few thought some scenarios
were somewhat distracting.

According to our observations, postures [17] and facial expres-
sions [58] (although only half of the face can be seen when the
user is wearing a head-mounted display) are helpful indicators of
participant disengagement. For example, participants tended to cross
their legs and sighed when disengaging from the experiment. In
contrast, they were more likely to be fully engaged in the study if
they were actively interacting with the virtual avatars (e.g., waving to
the virtual character) and sometimes smiled because of the scenario
contents.

5.3 Design Recommendations
Based on the study results and the discussion above, we distilled
several design recommendations for future selection studies in VR.
These takeaway messages might also be useful for studies that em-
ploy similar repetitive features and are outside of the field of VR.

R1. Caution about the disengagement problem during selection
studies in VR is always required. Some participants may self-
engage themselves throughout the whole study, while others
may not. The ones who quickly disengage from the experiment
can “fail” more conditions than the others, leading to unfair
comparisons. The problem can be mitigated by increasing sam-
ple size and balancing the study design. However, awareness
of the issue of disengagement can be particularly harmful to
the results of small sample studies.
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R2a. Identification of any evidence of participant disengagement
through the following three ways: (1) During the experiment,
observation if there is any boredom behaviour or expression
from participants. (2) Ahead of the formal analysis, averaging
the results across the whole study to see the overall trend of
different dependent variables—ideally, the performance should
be increasing (because of the learning effect) or relatively con-
stant. (3) Diagnosing the overall trend to see if there is any
abnormal increment of error rates or decrease of performance
(like selection time and throughput) as the study goes on. If
there is, it is likely to suggest that participants were, to some
extent, disengaged from the experiment at that point.

R2b. If participants were determined to be disengaged from the
study, removing the data of those participants to preserve the
reliability of the collected data has to be considered.

R3. If possible, run pilot studies before the formal one and deter-
mine the length of the experiment through the overall perfor-
mance trend. Desirably, the trials should end before the point
where the global trend of error rate sharply increases, or the
performance clearly decreases. It is not ideal to run overly
lengthy and repetitive studies, where participants are likely to
be disengaged in the latter part of the study.

R4. Consider using motivation strategies when the experiment is
long and repetitive. Our study results suggest introducing mini-
story, companion and encouragement, texture and animation,
and ambient music can all increase the engagement level. How-
ever, be cautious about their potential impact on user perfor-
mance. For example, when using the texture and animation
elements (Shooting in our case), remember that they may shift
the speed-accuracy trade-off of participants. Furthermore, do
not apply complex visual/audio effects, as they can be distract-
ing during the studies.

5.4 Limitations

We identify some limitations of our study. First, we were not able
to completely cancel out the fatigue effect in the study, although
enough breaks were given throughout the whole experiment, and
the chosen input technique was not very demanding. Physical fa-
tigue might interplay with the disengagement factor, and either can
have an impact on user performance. Second, varying target width
and movement amplitude could better simulate real selection tasks.
However, as we wanted to assess user performance across the whole
study, fixing the factors allowed us to compare performance between
different blocks. Finally, more complex physiological sensors, like
EEG and eye-tracking, could be useful to detect disengaged partici-
pants. However, no standardized methods exist for identifying and
analyzing disengagement with such technologies, and as such future
work on this topic is needed.

6 TOOLBOX FOR SELECTION STUDY IN VR

We open-source a toolbox to facilitate the design of more engag-
ing object selection tasks and to speed up VR selection research.
Although some evaluation gadgets have been developed in previ-
ous works [82], we found no such tools existed in VR. Our tool
is based on the standard ISO9241-9 task [33, 69], and runs on the
Unity3D platform with C# scripts (no need to install dependen-
cies if not accessing the scripts). The target widths and move-
ment amplitudes can be easily adjusted through text input. Our
tools can record data, including selection time, errors, selection
endpoints, with an option of recording the selection trace. All
selection trials are logged in .txt files. Engagement strategies (in-
cluding MiniStory, Coach, Shooting, and Music) can be enabled
if required. The tool and its source code can be downloaded from
https://github.com/Davin-Yu/EngageWithVRSelection.

7 CONCLUSION AND FUTURE WORK

Through this research, we elicited evidence that participant disen-
gagement problems existed in traditional VR selection study settings.
Participants can feel bored during repetitive selection tasks and their
performance decreases as the study proceeds. Moreover, different
participants disengaged from the experiment at different speeds,
which can cause variances in study results. To deal with the problem,
four engagement strategies, including mini-story, companion and
encouragement, texture and animation, and music, were empirically
evaluated. Our results show that all approaches improve the engage-
ment level of the participants, but depending on the methods used,
they might shift the speed-accuracy trade-off. We further distilled a
set of design recommendations that can be useful for future VR se-
lection studies, as well as experiments that employ similar repetitive
features. We encourage researchers to be aware of the disengage-
ment problem that can appear in user studies. We also expect future
research on this topic using different motivational strategies that can
lead to further research outcomes.
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