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Figure 1: Schematic overview of the MR onboarding setup

Abstract

Navigating novel smartphone applications is often complex and un-
intuitive during the initial onboarding phase. Missing or ineffective
guidance can cause misuse, errors, and abandonment, which is par-
ticularly critical in domains such as mobile health (mHealth) apps.
While previous research has shown potential for onboarding with
conversational avatars in mixed reality (MR), the impact of avatars
combining gestures and voice for app tutorial guidance remains
unknown. To address this gap, we conducted a within-subject study
with 24 participants using a smart insole mHealth app as a case
example. Participants completed tasks in MR under four conditions
varying the presence of avatar voice and animated pointing ges-
tures. Our findings show that tutorial guidance improved with voice
and gesture compared to no avatar support, enhancing usability and
learning experience while also highlighting remaining challenges.
We contribute design implications for avatar-supported guidance in
mHealth and broader human-computer interaction (HCI) contexts.
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1 Introduction and Background

The interaction and navigation of novel smartphone applications
remain challenging, particularly during first-time use. This issue is
especially critical in mHealth applications, where navigating health-
related data can be complex, and correct interaction as well as accu-
rate data interpretation are essential for effective use and long-term
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adoption [18, 34]. Prior work shows that missing or ineffective guid-
ance often leads to misuse, errors, and abandonment, as usability
and user satisfaction are strongly linked to successful use [17, 29],
highlighting the need for structured onboarding and learning sup-
port. In the rapidly growing field of mHealth applications [15, 25],
smart insole systems show potential for foot health monitoring and
rehabilitation via smartphone apps [10, 14, 32]. However, prior work
reports usability challenges, particularly during initial interaction
and self-guided learning [27, 28]. Consequently, effective onboard-
ing strategies are a key requirement for successful user-device
interaction.

As shown by prior work, targeted onboarding in new appli-
cations can support first-time users through tutorials, increasing
engagement and learnability [8]. Such onboarding strategies have
been tested in various domains, including employee training and
consumer apps [12, 23, 30, 40, 41]. For example, Froehlich et al. [12]
demonstrated that first-time onboarding in a cryptocurrency app
improved usability and informed instructional design. In line with
design guidelines proposed by Kascak et al. [19, 20], Ruzic et al. [36]
highlight that combining pictorial and verbal presentations helps
maintain users’ information awareness, an effect also observed for
visual and auditory notifications in mHealth apps [45]. However,
it remains unclear how these modalities contribute to effective
onboarding in the context of mHealth apps.

For this reason, MR offers new opportunities for interactive
onboarding through embodied and multimodal guidance [7, 44],
and has also been explored in gamified healthcare apps using
avatars [13]. Virtual avatar-based approaches have also been ex-
plored beyond healthcare, for example in machine-task tutoring,
demonstrating their potential for instructional support [6, 16]. Prior
work has shown that conversational avatars in MR can support
learning, for example in programming education, where virtual
avatars enabled natural interaction and improved user experience [22,
24]. Furthermore, combining gesture and voice modalities can en-
hance user experience in virtual teaching [11] and guidance [46]
environments, while visual pointing cues help guide attention to
relevant content [31]. Building on this, Weichbroth [43] empha-
sized that future mobile app usability research should investigate
multimodal MR interactions using visual and audio content.

However, while avatar-based learning in MR shows promise, it
remains unclear how voice and gesture guidance affect usability
and tutorial experience during onboarding in mHealth applications.
To address this gap, the following research question arises: How
does avatar-based voice and gesture guidance in MR influence us-
ability, learning experience, and perceived tutorial guidance during
onboarding of a smart insole application? Therefore, we conducted
a within-subject study with 24 participants using a smart insole
mHealth app, investigating the effect of an MR avatar combining
visual gestures and audible voice guidance on usability and learn-
ing/tutorial experiences during app onboarding.

Our findings provide initial insights to inform the future design
of onboarding systems for mHealth apps and motivate follow-up in-
vestigations. We contribute: (1) empirical insights into multimodal,
avatar-based onboarding in mHealth, showing how gesture and
voice influence user interactions; and (2) design implications for
avatar-supported mHealth onboarding, emphasizing adaptive ex-
planations and interactive steps to enhance learning and usability.
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2 Method

We conducted a mixed-method user study with 24 participants to
examine the effects of avatar-based voice explanations and pointing
instructions on mHealth app onboarding in MR. The study focused
on usability, learning experience, and perceived tutorial guidance
during first-time app use. Here, learning experience refers to users’
immediate, subjective instructional experience during the tutorial,
reflecting their understanding and confidence. The study focused
on initial tutorial experiences via avatar-based guidance, not long-
term outcomes, as app content and tasks were identical across trials.
A smart insole mHealth app was chosen, as such apps require learn-
ing both interaction flows and sensor-based data interpretation,
creating cognitively demanding onboarding scenarios [34].

We used a 2x 2 within-subjects design with the independent vari-
ables AVATAR VOICE (audible vs. non-audible) and AVATAR GESTURE
(visible vs. non-visible). In the baseline condition (no avatar guid-
ance), participants navigated the app based solely on the written
task description, without avatar-based audio or gesture guidance.
All conditions used identical tasks to isolate the effects of voice, ges-
ture, and their combination. Condition order was counterbalanced
using a balanced Latin square to avoid sequencing effects [2].

2.1 Stimuli

The study used a smart insole mHealth app co-designed with users
and experts [35] and previously tested for usability [33, 34], ensur-
ing comparability across studies. Key functions included monitoring
gait, a foot heatmap, a walking diary, and finding specialists. These
functions formed the basis of the study tasks, see Figure 1.

A life-sized, full-body female avatar was used, reflecting common
practice in related studies for comparability [47] and to increase ac-
ceptance of the avatar’s hands [39]. We used the "Kate" model as MR
avatar with the “Pointing” animation in its seated version from Mix-
amo. The avatar held a virtual smartphone in its left hand, matching
the real device dimensions and displaying task videos recorded on
the actual device. During the tutorial, the avatar pointed with its
right hand to relevant interface elements (e.g., buttons, menu icons,
text fields), giving the impression of real-time interaction with the
device (see Figure 2). The animation and video looped, maintaining
the avatar’s interactive appearance until participants performed
the corresponding action on the physical device. In the voice-and-
gesture condition, stepwise spoken instructions were synchronized
with the pointing gestures using Luvvoice ! (“Aria” female model).

2.2 Apparatus

The mobile app was developed in Android Studio (v. 2024.2.1) and
deployed as an Android package (APK) on a Samsung Galaxy S21
5G (Android 15, SDK v. 35). Pre-recorded demo heatmap data were
visualized as gait trials, and avatar display videos were recorded
on the device for MR synchronization. The Meta Quest 3 served
as head-mounted display (HMD) with video passthrough for MR.
Development employed Unity engine (v. 6000.0.45f1) and the Meta
XR All-in-One SDK [26] (v. 72.0.0). Interviews were audio-recorded
with a Logitech C922 Pro HD Stream webcam and Open Broadcaster
Software. All software ran on a Windows 11 Pro (XMG Fusion 15,
17-11800H, 8-core 2.3 GHz, RTX 3070, 16 GB RAM).

!https://luvvoice.com/
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Figure 2: Five screenshots from the MR condition with avatar gestures, illustrating different task steps: connecting the device,
navigating the home menu, explaining the heatmap using pre-recorded data, entering a diary entry, and locating an expert.

2.3 Procedure

After the study procedure was explained, participants provided
informed consent and completed a demographic questionnaire.
They were then equipped with the HMD and completed a short
reading test using video passthrough to ensure sufficient task vis-
ibility. Before starting, they were instructed to focus on tutorial
guidance rather than speed, as the usability and learning experience
assessments targeted the tutorial type and guidance rather than the
app itself. Depending on the condition, participants were guided
through the app by the avatar (voice and/or gestures), which was
scaled and positioned consistently next to them, or explored the
app independently. After each condition, a semi-structured inter-
view was conducted and audio recorded, followed by the System
Usability Scale (SUS), Learning Experience Questionnaire (LEQ),
and Tutorial Experience Questionnaire (TEQ) questionnaires. The
procedure was repeated for all conditions, with a final debriefing,
and lasted approximately 90 minutes per participant.

2.4 Tasks

The app tutorial was structured around predefined tasks to provide
a representative onboarding procedure covering the app’s core
functions. Tasks were selected to reflect typical user goals and
involve comparable interaction steps across all conditions, ensuring
that differences in performance or perception can be attributed
to the tutorial approach rather than the tasks themselves. They
included navigating the home menu, connecting the smart insole,
testing basic functions, interpreting heatmap data, adding entries
to the walking diary, and finding specialists. Participants were also
asked to search for specific functions, simulating daily situations
requiring navigation of the user interface (UI).

The simplified task descriptions are provided below and were
read before the first condition to ensure task understanding. For
the control condition without guidance, the description was read a
second time to ensure a fair comparison.

e Task 1: Connect the smartphone app to the smart insole.
Assume that you do not need to leave the app or interact
with anything outside of it to complete this task.

o Task 2: Access your recorded foot pressure data, view it as a
heatmap, and explore the playback function.

e Task 3: Open your walking diary, record your current pain
level, and add a short note.

o Task 4: Use the integrated map to find a specialist in your
area and display detailed information about them.

2.5 Measures and Data Analysis

Quantitative subjective data were analyzed using descriptive and
inferential statistics, including repeated measures (RM) Analysis of
Variance (ANOVA), in R with the rstatix package [21]. The SUS [4]
was used to assess tutorial usability and has been applied in prior
onboarding evaluations [12, 49]. Following the standard scoring
procedure, item ratings were transformed to yield scores ranging
from 0 to 100 and interpreted using established usability bench-
marks [1, 4]. The LEQ [48] was used to assess the perceived learning
experience of the avatar modalities. It comprises 19 items across
four factors (contextuality, effects, design features, and explorative
nature) rated on a five-point Likert scale. The TEQ [38] assessed
tutorial experience in digital environments. It comprises eight items
across two subscales (structural clarity and transparency) rated on
a seven-point Likert scale from -3 (strongly disagree) to 3 (strongly
agree), with 0 as neutral. Overall LEQ/TEQ and subscale scores
were computed as the mean per participant and condition.
Qualitative data were collected via semi-structured interviews
on participants’ perceptions of voice and gesture modalities, al-
lowing flexible follow-up questions. In total, 96 interviews were
conducted (182 min of audio, M = 113 s, SD = 60 s) and tran-
scribed using Buzz 2. Transcripts were checked and corrected by
one researcher, with a second verifying completeness. An induc-
tive thematic analysis [3] was performed independently by two
researchers in an iterative process to identify key categories and
themes across the dataset. First, the transcribed dataset was coded
sentence by sentence (open coding). Following this, axial coding
was applied to cluster categories by identifying relationships, and
selective coding was used to refine the overarching thematic struc-
ture. Differences between coders were resolved through iterative
discussion and comparison of coding decisions until consensus was
reached, ensuring the final themes accurately reflected the data.

2.6 Participants

The study received ethical clearance from the German Society for
Nursing Science (No. 23-027). We recruited 24 participants (13 male,
11 female), aged 21-61 (M = 32.83, SD = 12.63), via personal con-
tacts and institutional mailing lists. The sample size follows the
standards for HCI studies [5]. Participants came from five nationali-
ties (Europe, North America, and Asia) and had diverse educational
backgrounds and occupations. All reported prior experience with
health-related devices and apps, but none had previously used a

Zhttps://github.com/chidiwilliams/buzz.git
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smart insole app. Familiarity with mHealth apps averaged 2.71
(SD = 1.20) on a five-point Likert scale, indicating a moderate level
of familiarity. Half of the participants (n = 12) wore glasses. No
participants dropped out and all were included in the data analysis.

3 Results

3.1 Quantitative Results

3.1.1  System Usability Scale (SUS). Shapiro-Wilk tests confirmed
normality for the overall SUS score (p > .065). A two-way RM
ANOVA revealed significant main effects of GESTURE (F(1,23) =
11.05, p = .003, 73 = .32) and VorcE (F(1,23) = 6.46, p = .018,
1712, = .22), as well as a significant interaction (F(1,23) = 6.78,

p = .016, 1712, = .23), all with large effect sizes. Post-hoc tests
with Bonferroni correction (Kenward-Roger) showed that Voice
was significant only when the AVATAR was non-visible (p < .001),
and AVATAR was significant only when Voice was non-audible
(p < .001), see Figure 3a. Analysis of SUS subscales confirmed this
pattern, showing significant effects of GESTURE and VOICE across
six dimensions (all p < .038): frequency of use, ease of use, inconsis-
tency, learnability, confidence, and prior learning (see Appendix A.1:
Table 1 and Figure 5).

3.1.2  Learning Experience Questionnaire (LEQ). Shapiro-Wilk tests
on LEQ ratings confirmed a normal distribution (all p > .523). A
two-way RM ANOVA revealed significant main effects of GESTURE
(F(1,23) = 4.57, p = .043, p}, = .166) and Vorck (F(1,23) = 14.11,
p =.001, qf, = .380), and a significant interaction (F (1, 23) = 10.34,
p = .004, 1712, =.310), all with large effect sizes. Post-hoc Bonferroni
tests (Kenward-Roger) showed that audible voice > non-audible in
the non-visible gesture condition (¢(69) = 3.91, p < .001), and visi-
ble > non-visible in the non-audible voice condition (t(69) = —3.30,
p = .002), see Figure 3b. Furthermore, RM ANOVA on subscales
revealed significant effects for three dimensions (contextuality, ef-
fects, design features, all p < .011), but none for explorative nature
of learning experience, see Appendix A.2 (Table 2 and Figure 6).

3.1.3  Tutorial Experience Questionnaire (TEQ). Shapiro-Wilk tests
indicated non-normality of the overall TEQ score. An aligned rank
transform (ART) RM ANOVA revealed significant main effects of
GESTURE (F(1,69) = 6.01, p = .002) and VoICE (F(1,69) = 24.04,
p < .001), but no interaction (F(1,69) = 0.92, p = .341). Post-
hoc Bonferroni tests showed higher ratings for visible > non-visible
(p = .021) and audible > non-audible (p < .001), see Figure 3c. For the
two subscales, ART RM ANOVA revealed main effects of GESTURE
(F(1,69) = 6.30, p = .014), VoIce (F(1,69) = 21.28, p < .001),
and an interaction (F(1, 69) = 4.71, p = .003) for structural clarity,
as well as a main effect of VoIck (F(1,69) = 14.70, p < .001) for
transparency. Post-hoc tests indicated that for structural clarity,
visible avatars scored higher when Voice was non-audible (p = .002),
and audible voice increased scores when AVATAR was non-visible
(p < .001); for transparency, higher ratings were observed for visible
> non-visible (p = .009) and audible > non-audible (p = .001). The
subscale results are documented in Appendix A.3 (Figure 7).

3.1.4  Preferred Conditions (Likert Ratings). After the experiment,
participants rated their favored combination of GESTURE and VoICE
(N = 15), followed by Voice-only (N = 7), and No GUIDANCE
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(N = 2). Participants indicated that a talking avatar in MR could be
helpful for explaining and interpreting health data (22 out of 24).
Overall satisfaction with the MR app guidance was high (M = 5.83,
SD = 1.20 on a 7-point Likert scale).

3.2 Qualitative Results: Semi-Structured
Interview

Inductive thematic analysis revealed three key themes.

1. Engagement in Feedback: The baseline was described as
“convenient” (P8) and suitable for self-directed learning (P19); voice
guidance as “clear and understandable” (P11) and “effective for
learning new information” (P21); and the combined voice-gesture
condition as “interactive” (P17), “easy to use” (P13), and “confidence-
enhancing” (P5), providing “clear instructions and visual cues” (P9).

2. Guidance Challenges: No guidance was criticized as “com-
pletely overloaded” (P24) and "difficult to navigate" (P12, P19);
avatar-only led to “clicking without thinking” (P11) and limited
learning (P11, P21); voice-only was described as “strenuous or con-
fusing” (P9); and the combined condition as “distracting” (P19).

3. Reflections & Suggestions: Despite an overall positive expe-
rience, the avatar was mainly perceived through its hands: "I didn’t
really pay attention to him as a person, only to the hand" (P10); 'T'd
prefer a larger display without an avatar and only a hand" (P21).
Furthermore, avatar placement adjustments could also improve the
interaction, as stated by P21: "I tried standing inside the avatar

. and then quickly repeated that on my own display." Device-
dependent issues were mentioned, e.g., that MR vision "should be
improved" (P4) and made "clearer” (P23).

4 Discussion

In this study, we investigated how MR avatar voice and gesture
modalities affect usability and tutorial experience during onboard-
ing of a smart insole app. Both modalities, individually and com-
bined, improved SUS, LEQ, and TEQ scores and increased over-
all satisfaction with MR-based guidance. The no-guidance condi-
tion was consistently least preferred, while gesture-only was rated
lower than voice-only or combined modalities, likely due to its lim-
ited contextual information. SUS results indicate that lack of guid-
ance increases perceived complexity, inconsistency, and reliance
on prior knowledge, aligning with prior work showing barriers in
self-guided mHealth onboarding [28]. Moreover, avatar modalities
enhanced perceived ease of use, learnability, and confidence, sup-
porting frequent app use. While multimodal guidance increased
tutorial transparency, adding a second modality did not further
improve clarity, suggesting that guidance presence matters more
than modality number. Notably, the exploratory aspect of learn-
ing was not hindered by guided conditions. Qualitative findings
show participants primarily attended to the avatar’s hands and
gestures, rather than the full body, highlighting the importance
of functional embodiment. Furthermore, onboarding should also
align with task type: gestures support procedural tasks (menu navi-
gation, device connection, locating specialists, or diary entry) by
improving spatial orientation and replication, while voice is more
effective for interpretative tasks (gait metrics, pressure heatmaps,
diary graphs, or health information) due to its narrative clarity. Com-
bined modalities were perceived as more demanding, suggesting
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Figure 3: Boxplots of overall questionnaire ratings: (a) SUS, (b) LEQ, and (c) TEQ, including descriptive statistics.

selective use when understanding affects health-related decisions.
Taken together, these findings indicate MR avatar onboarding is
most effective when modalities match mHealth tasks.

Design Implications: We propose the following context-specific
design implications: (1) Modality contextualization: Guidance in MR
mHealth apps should align with task demands. Procedural steps
benefit from gestures, interpretative steps from voice. Multimodal
support may increase cognitive demand and be toggled by user
experience or health literacy. (2) Avatar embodiment: Our results
indicate that participants primarily attended to hands and gestures,
suggesting that full-body embodiment may be more relevant for
other mHealth tasks. Aligning gesture orientation with the user’s
viewpoint and providing egocentric augmentations (e.g., rendering
virtual hands in the user’s field of view) can improve clarity and
reduce misinterpretation or distraction. (3) Interactive guidance:
mHealth guidance should let users actively follow and repeat in-
teractive steps, reinforcing health data understanding, supporting
confidence and active engagement in self-monitoring. Repeating
critical task steps can support procedural memory [9], particularly
when learning to interpret gait and pressure parameters. (4) Device-
centered augmentation: Several participants reported readability
issues with the virtual smartphone model, highlighting the need for
improved visibility. MR smartphone onboarding should therefore
consider task-specific augmentations, such as enlarged or adaptive
displays, to enhance legibility. The choice of HMD also substantially
affects visibility and user comfort. While the Meta Quest 3 provides
moderate passthrough quality [42], optical see-through augmented
reality (AR) headsets can mitigate visibility limitations and should
be considered when designing avatar-based onboarding.

Limitations and Future Work: Our study is limited by the
selected sample and a single mHealth app, constraining gener-
alizability. The selected HMD constituted a major limitation, as
reduced screen visibility may have influenced task performance.
Therefore, future work should examine optical see-through dis-
plays to improve visual perception. Moreover, alternative avatar
perspectives (e.g., first-person perspective) should be investigated,
as suggested by prior work [37], to further optimize guidance ef-
fectiveness. Follow-up studies should replicate and extend these
results with a broader range of mobile apps, including commer-
cial mHealth systems, to validate our findings and inform effective

onboarding design based on user preferences. Overall, our work
provides a foundation for follow-up research on MR avatar-based

guidance in mobile apps.
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A Quantitative Results
A.1 System Usability Scale (SUS)

SUS Subscale Ratings

Question 1:

Frequency of Use
10

Question 10: Question 2:
Prior Learning Required* = Complexity*
7 I T COndition
Quesﬁon 9: Question 3: B Gesture-only
Confidence Ease of Use
Voice and Gesture
; . . . Voice-only
Question 8: Question 4:
Cumbersomeness* Need for Support* | No Guidance
Question 7: T Question 5:
Learnability Integration of Functions

Question 6:
Inconsistency*

Figure 4: Radar plot of the ten SUS items comparing the four experimental conditions. Asterisk-marked items were reverse-
scored to align scale directionality, such that higher values indicate more positive usability ratings.

Table 1: Significant effects (ART ANOVA) and post-hoc comparisons for SUS subscales.

SUS Item Effect Post-hoc comparisons

1: Frequency of Use Gesture: F(1,69) = 4.97, p = .029 non-visible < visible (p = .056)
Voice: F(1,69) = 5.51, p = .022 audible < non-audible (p = .038)

3: Ease of Use Gesture: F(1,69) = 11.99, p < .001 non-visible < visible (p = .006)
Voice: F(1,69) = 11.20, p = .001 audible < non-audible (p = .008)

4: Need for Support Gesture: F(1,69) = 4.56, p = .036 -

6: Inconsistency GesturexVoice: F(1,69) = 4.20, p = .044 No Gesture: audible < non-audible (p = .012)

7: Learnability Gesture: F(1,69) = 11.77, p = .001 No Voice: non-visible < visible (p < .001)
Voice: F(1,69) = 11.11, p = .001 No Gesture: audible > non-audible (p < .001)
GesturexVoice: F(1,69) = 4.23, p = .043

9: Confidence Gesture: F(1,69) = 7.35, p = .008 No Voice: non-visible < visible (p = .002)
Voice: F(1,69) = 7.97, p = .006 No Gesture: audible > non-audible (p = .002)

GesturexVoice: F(1,69) = 7.32, p = .009

10: Prior Learning Gesture: F(1,69) = 5.01, p = .028 No Voice: non-visible > visible (p = .003)
GesturexVoice: F(1,69) = 7.55, p = .008 No Gesture: audible < non-audible (p = .028)
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SUS Subscale Scores
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Figure 5: Boxplots of the ten SUS items. Ratings range from 1 (strongly disagree) to 5 (strongly agree).

A.2 Learning Experience Questionnaire (LEQ)

Table 2: Overview of significant main and interaction effects for LEQ subscales with Bonferroni-corrected post-hoc t-tests.

Subscale Effect F(1,23) »p r]f, Post-hoc comparisons
Gesture 10.15 .004 31 -
Contextuality Voice 13.28 .001 .37 -
GesturexVoice  5.41 .029 .19 No Voice: non-visible < visible (p < .001)
No Gesture: audible > non-audible (p < .001)
Gesture 5.42 .029 .19 -
Effects Voice 7.72 .011 .25 -
GesturexVoice  11.78 .002 .34 No Voice: non-visible < visible (p < .001)
No Gesture: audible > non-audible (p < .001)
Desion Features Voice 20.14 <.001 .47 -
& GesturexVoice  6.49 .018 .22 No Voice: non-visible < visible (p = .011)

No Gesture: audible > non-audible (p < .001)
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LEQ Subscales
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Figure 6: Boxplots of the four LEQ subscales. Ratings range from 1 (fully disagree) to 5 (fully agree).

A.3 Tutorial Experience Questionnaire (TEQ)
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Figure 7: Boxplots of the two TEQ subscales. Ratings range from -3 (strongly disagree) to +3 (strongly agree), with 0 as a neutral
response.
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