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Abstract
AI-based mental health chatbots offer scalable and anony-
mous emotional support, yet often struggle to sustain engage-
ment and effective personalization in self-disclosure contexts.
This project designs and investigates Hola, an AI-based daily
mental health companion, examining how different chat-
bot response personalization mechanisms influence users’
Anticipated Communication Quality (ACQ) and Communi-
cation Willingness (CW). A preliminary exploratory study
with six participants compared three conditions: baseline
AI, system-tailored AI, and user-tailored AI. Results show
that personalization generally improves both ACQ and CW,
while user-controlled adjustment enhances perceived agency
and alignment with response style. However, regardless of
emotional responsiveness, a lack of actionable content sig-
nificantly limits perceived communication quality.

Keywords: Human–AI Interaction; Personalization; User Ex-
perience; Self-disclosureMental Well-being Support

1 Introduction
Young adults are likely facing depression, anxiety and stress
as they navigate the development of autonomy and career
direction, a trend that has gradually increased in recent years
[10, 30, 33] . These challenges are often compounded by
stigma, financial barriers and a lack of appropriate mental
health support [24, 30, 37].

As traditional face-to-face counseling services struggle to
meet growing demand, alternative forms of online, multi-
modal human-delivered psychotherapy have been explored.
Platforms such as BetterHelp provide remote digital psy-
chotherapy throughmultimodal online interactions and have
demonstrated effectiveness in delivering mental health care
at scale [3, 29].

The integration of AI has further improved the accessibil-
ity of mental health support by enabling continuous availabil-
ity, reducing costs, supporting scalability in low-resource
settings, and offering anonymity that helps lower stigma
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and encourage help-seeking behavior [42]. AI-supported hu-
man therapy platforms such as Talkspace attempt to match
users with suitable human therapists while providing on-
going support, and prior studies indicate that users who
actively contribute more written input tend to experience
better recovery outcomes [18, 41]. Fully AI-based mental
health products provide even greater accessibility and offer
distinct advantages in anonymity, which has been shown
to reduce fear of judgment [2, 13] . Existing products such
as Woebot and Wysa incorporate established psychological
approaches, including Cognitive Behavioral Therapy (CBT),
to guide users in short-term emotional expression and stress
relief [6, 7]. However, these systems face limitations in long-
term use, including difficulties in sustaining empathy and
emotional connection, a lack of continuous therapeutic mem-
ory, and relatively fixed or predictable forms of personalized
responses [2] . Moreover, prior research suggests that when
users perceive a chatbot as incapable of engaging in genuine
emotional interaction, they may adjust their communication
strategies or reduce engagement altogether [13, 32]. Reduced
communication, in turn, limits the effectiveness of therapeu-
tic processes that rely on self-disclosure. In response, this
project aims to explore and develop an AI-based healing
mate designed for everyday use, named Hola. Hola seeks to
provide a multimodal environment for self-disclosure, along
with continuous and highly accessible emotional support
and cognitive guidance. The M21 project is being under-
taken in collaboration with external partner Nexo Intelligent
Technology Limited, jointly defining and optimizing Hola’s
functionality, and designing the MVP product interface. Dur-
ing the collaboration in M21, chatbot response personaliza-
tion was identified as a key focus of product development,
leading to the formulation of an initial research hypothesis
that different modes of control over response personaliza-
tion would influence perceived communication quality and
users’ willingness to engage in self-disclosure. A preliminary
exploratory study was conducted with six participants using
high-fidelity prototypes to examine chatbot response per-
sonalization and MVP interface usability. Findings related
to chatbot response personalization are presented as part of
the design research process and will inform the subsequent
Final Major Project (FMP).
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2 Related work
2.1 Self-disclosure and Communication Willingness

(CW) in self-disclosure scenairo
Self-disclosure, as a crucial process in psychological coun-
selling, is the prerequisite for patients to receive effective
assistance, and counsellors who demonstrate a higher will-
ingness to disclose tend to achieve more effective outcomes
[22, 36].Beyond formal therapy, research has found that the
act of writing down or speaking about emotions can improve
one’s well-being [14, 35, 36, 38].
Prior research suggests that communication willingness

(CW) in self-disclosure contexts should not be understood
as a single, explicit intention to disclose, but rather as a con-
struct shaped by multiple psychological mechanisms that
facilitate or inhibit disclosure behavior [13]. Among tested
factors, fear of judgment, interpersonal trust, and perceived
anonymity influence the depth and intimacy of disclosed
content, which can be used as an indirect indicator of Com-
munication Willingness (CW) in self-disclosure scenarios.

2.2 Anticipated communication quality (ACQ)
Anticipated CommunicationQuality (ACQ) is a user-cognitive
evaluation that reflects expectations of communication ef-
fectiveness before or during interaction, three dimensions
are included: perceived communication quality, perceived
service capability, overall excellence / evaluation [31, 44].

Prior research suggests that enhancing a chatbot’s social
presence is an effective strategy for improving perceived
communication quality and overall interaction experience,
and this is commonly achieved through personalization by
introducing socially oriented cues [27, 34, 44].

2.3 Personalization in chatbots: opportunity and risk
Existing products and studies generally identify two cate-
gories of chatbot personalization. The first concerns appearance-
based personalization, such as anthropomorphic representa-
tions including avatars or robots [8, 28]; The second involves
communication-style personalization, with adjustable dimen-
sions such as tone, vocabulary, formality, and speech rate
[16, 17].
In terms of control, personalization can be further classi-

fied by “who’s in charge”: system-initiated personalization
(SIP), where adaptation is handled automatically by the sys-
tem; and user-initiated customization (UIC), where users
actively control and adjust features [40]. In healthcare set-
tings, system-adaptive personalization is employed to en-
hance user engagement during interactions with intelligent
virtual agents (IVAs) [17].

Previous studies also indicate that when both SIP and UIC
deliver similarly high-quality content, user-tailored systems
tend to provide users with a stronger sense of agency and
perceived control [40]. Moreover, making personally rele-
vant feature choices can foster a sense of identity [25, 39]

. Entertainment-oriented AI chatbots such as Replika ex-
emplify highly user-tailored designs that encourage users
to build intimate relationships with virtual characters [5].
However, related research also warns that during selective
disclosure, users may construct an idealized self, leading to
forms of narcissistic self-presentation [26]. Therefore, what
needs to be personalized and who controls the personaliza-
tion must be balanced according to project requirements.

3 Collaboration and design context
Before start, the client handed over insights from early-stage
user research conducted in major Chinese cities. These find-
ings indicate that users interested in AI-based emotional
companionship are mainly centered within those aged 18
to 35 (81.89% of the total), thus this project targets this age
group as its primary target users. Based on collected insights,
target users were summarized into five personas: Frequent
Disclosers, Growth Seekers, Socially Anxious Users, Task-
Oriented Users, and Casual Enjoyers (see Appendix A1).

From a design perspective, the client had defined an initial
functional scope through an early prototype (V1), includ-
ing onboarding, a brief personality assessment for initial
response adaptation, a chat-centered home interface with
an avatar, memory visualization, and adjustable chatbot per-
sonalization settings (see Appendix A2). The product was
also guided by a visual direction emphasizing soft purple
tones, companionship, and a sense of technological sophisti-
cation. Furthermore, due to varying data privacy and policy
restrictions in different countries, Hola is currently designed
primarily for the Chinese market.

4 Prototype iterations
The development of the project from initial concept to a
Minimum Viable Product (MVP) followed the Double Dia-
mond model [19, 21]. Throughout the process, we utilized
prototypes to facilitate cross-departmental communication
and drive design iterations [20].
For consistency, prototype iterations were labeled using

an established versioning scheme, in which V refers to major
versions and P to iterations within each version.

4.1 V2-P0 Interface prototype design and expert
review

To situate the project within the client’s development pro-
cess, the Elements of User Experience model was used as
a reference to assess the current maturity of the product
[15]. This assessment indicated that while Hola‘s initial fea-
tures had been defined, the information architecture and
interaction design still required clarification.
After reviewing and confirming the overall information

architecture with the client, the interface structure and nav-
igation elements were designed. During the interface de-
sign process, visual decisions were informed by Arco Design
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guidelines for consumer-facing products [4] and adjusted
according to the stylistic keywords previously defined by
the client. The resulting functional architecture and inter-
face overview diagram and the V2-P0 interactive prototype
designed for client see Appendix B1-2. The prototype was
reviewed internally by the client’s product, design, and devel-
opment team through an expert review for getting feedback.
Several design consensuses were reached during this re-

view. First, the onboarding experience for new users should
balance establishing a sense of ritual with lowering the entry
barrier, avoiding excessive mandatory reading or forced re-
sponses. Second, personalized chatbot responses were identi-
fied as a critical factor in encouraging deeper self-disclosure.
While the system initially adapts reply style and tone based
on users’ personality profiles, experts emphasized that indi-
vidual preference also need to be considered. Importantly,
personalizationwas not considered equivalent to unrestricted
customization. Instead, it was agreed that personalization
should be designed as a balance between system guidance
and user control, to prevent Hola from becoming merely a
reflection of users’ immediate preferences.

As part of this discussion, the originally proposed person-
alization options were reviewed from a technical feasibility
perspective and refined. The controllable dimensions were
clarified as follows: for response content, memory level (the
extent to which past experiences are referenced) and humor
level (the use of informal or playful language); for speech
synthesis, voice selection and speech rate.
In addition, a new approach to user input was proposed.

Recognizing that usersmay sometimes prefer to record thoughts
without expecting an immediate response, a Quick Notes
feature was introduced to allow users to capture events and
emotions through text, voice, or images. Several navigation
refinements were also identified, including the need for a
clearly visible “Start Chat” button on the home screen and
quick-access entries for Quick Notes, showing or hidingHola,
and closing chat records.

4.2 V2-MVP Interface Prototype Design and General
User Journey

Based on the expert review outcomes, a high-fidelity MVP
interface prototype (V2-MVP) was developed for user testing
(see Appendix C1). Implemented functions were organized
into three categories (see Appendix C1.1-1.3): supportive
setup functions, user input–related functions, and memory
and input history management. An overview of the overall
user journey across these interface functions is illustrated in
Figure 1 as a guide for designing usability testing tasks.

Research Prototype for Chatbot Response Personalization
As the prototype developed in Figma did not support live

chatbot interaction, a separate research-oriented response
personalization prototype was developed to examine how
different levels of user control over response styles influ-
ence user experience. Hereafter referred to as the response

personalization prototype. Guided by a laboratory-based ex-
perimental approach [23], three conditions were prepared:
Baseline AI, System-Tailored AI, and User-Tailored AI.

All conditions used pre-generated chat records based on a
shared self-disclosure narrative involving an event-planning
scenario, and five fixed user prompts were used. Only the lev-
els of memory reference and humor varied. For comparison,
an additional set of responses without any personalization
was generated using the same AI model, which was named
Baseline AI. Appendix D1 displays the records. Each chat
record was accompanied by synthesized speech generated
via the ElevenLabs platform [1].

The System-Tailored AI and User-Tailored AI shared
the same set of responses with personalization but differed
in their interaction mechanisms.
In the System-Tailored AI condition (Figure 2), partici-

pants selected from predefined “style samples No. 1-4” with-
out being informed of the underlying parameters. Each sam-
ple corresponded to a specific version of the event-planning
chat record from No.1 to 4. This design simulated implicit user
feedback during ongoing conversations, allowing the system
to adapt responses without direct parameter control. In con-
trast, the User-Tailored AI condition (Figure 3), adopted
the personalization interface from the Hola product. Sliders
for memory usage, humor level, and speech rate were placed
alongside the chat record view, enabling participants to ex-
plicitly adjust these parameters to their preferred settings.
The link to prototype provided in Appendix D2.

5 Experiments
This study comprised two experimental phases conducted
within a single research session. Phase 1 evaluated chat-
bot responses using the response personalization prototype,
examining how different levels of user controllability over
personalization for a chatbot’s communication style influ-
ence ACQ and CW in self-disclosure scenario. Phase 2 con-
sisted of a usability evaluation of the Hola MVP interface
to assess first-time usability and identify areas for further
optimization.

5.1 Participants
Due to the need to evaluate a high-fidelity MVP prototype
designed specifically for the Chinese market, 6 participants
aged between 18 and 35 with Chinese reading ability were
recruited for this preliminary exploratory study.

5.2 Procedure
Phase 1 started with a brief role description to contextualize
the self-disclosure scenario. Participants read the description
to facilitate empathy with the chat records in self-disclosure
scenario. Then participants reviewed chatbot responses un-
der three experimental conditions presented in a fixed order:
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Figure 1. Overall user journey in Hola

Figure 2. System-Tailored AI Simulation

• Baseline AI: a standard AI condition with no personal-
ization applied.

• System-Tailored AI: an AI adapts response style auto-
matically based on users’ past use and feedback.

• User-Tailored AI: an AI lets users manually set and
adjust its response style.

After reviewing the chat records in each condition, partic-
ipants completed a questionnaire consisting of three items
measuring ACQ and three items measuring CW. In addition,
participants reported their prior experience with AI tools,
the style they selected in the System-Tailored condition, and
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Figure 3. User-Tailored AI Simulation

their preferred parameter settings in the User-Tailored con-
dition in questionnaires.
In phase 2, participants were asked to complete a series

of tasks using V2-MVP Interface Prototype without exter-
nal guidance. Task cover supportive functions, user input-
related functions, input history and memory-related func-
tions guided by order in user journey map (Figure 1). The
task were described in Chinese according to the prototype.
During task execution, they were encouraged to mark

or verbally indicate tasks that (a) could be completed with
additional guidance, or (b) remained difficult to understand
even with guidance.

After completing all tasks, participants scanned a QR code
using their own devices and completed a post-test question-
naire rating the product’s usability, the acceptance of visual
and potential business model. Then a short semi-structured
interview process invited participants to share their insights
on: specific feeling if pay under different business models,
personalization elements in the product.

Measure Participants in the study will complete question-
naires to provide quantitative data in both Phase 1 and Phase
2. In phase 1, the chatbot response evaluation included three
measuring ACQ assessed participants’ perceived communi-
cation quality, response capability, and overall satisfaction
with the chatbot responses adapted from previous research
in human–chatbot interactions [31, 44]. And three items
measuring CW assessed participants’ fear of judgment, trust

in the AI, and self-reported willingness to engage in self-
disclosure. The item selection was informed by prior find-
ings on self-disclosure to chatbots [13]., while perceived
anonymity was not included as a measured factor, given that
Hola is designed as a fully anonymous system. All items
(see Appendix E1) were rated on a 7-point Likert scale. In
Phase 2, the System Usability Scale (SUS) was administered
using a 7-point Likert scale to increase response granularity
and to align with the accompanying Adjective Rating Scale
(see Appendix C3) [9, 11]. For score calculation and inter-
pretation, responses were subsequently mapped back to the
standard 5-point SUS scale and scored following established
SUS procedures [12]. The Visual Analog Scale (VAS) format
rating on a 0–10 scale was used for three items measuring
overall product visual acceptance and two items measuring
business model acceptance (see Appendix E2).
Qualitative data was collected through interviews con-

ducted during testing sessions as well as participants’ feed-
backwhile interactingwith the prototype, andwas organized
according to relevant themes.

6 Result
All collected data has been summarized in the tables in Ap-
pendix F. Below follows an analysis of the data. In this study,
all the participance had experience on using AI tools (eg.
ChatGPT, Claude, Gemini.)
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6.1 The chatbot response evaluation
Figure 4 illustrates changes in participants’ ratings of Antic-
ipated Communication Quality (ACQ) and Communication
Willingness (CW) across the three experimental conditions.
In the figure, shades of blue from light to dark represent data
from Step 1 (Baseline AI), Step 2 (System-Tailored AI), and
Step 3 (User-Tailored AI), respectively. Each of the six partic-
ipants evaluated the same six questionnaire items (Q1–Q3
for ACQ, Q4–Q6 for CW) at each step, with higher scores in-
dicating more positive perceptions of the chatbot responses.

Overall, ACQ and CW scores exhibited a generally positive
correlation, with higher perceived communication quality
often accompanied by greater willingness to communicate.
Most participants in Step 2 reported higher ACQ and greater
willingness to communicate when AI responses were per-
sonalized by the system, compared to Step 1 where AI had
no personalization at all. In Step 3, allowing users to control
the chatbot’s memory, humor, and speaking speed further
increased user ACQ and enhanced their CW when personal-
ized quality remained consistent. However, P001 and P005
provided different evaluations in the questionnaire.

Participant P001 selected Response 1 in Step 2, correspond-
ing to Memory 0 and Humor 0, which matched the settings
that satisfied participants in Step 3. Compared to the Baseline
AI, both ACQ and CW decreased in Step 2. The participant
explained that the personalized responses included “a lot
of unnecessary content” and emphasized a preference for
actionable advice rather than emotional reassurance. When
the same chat record was presented in Step 3, ACQ was
rated higher than in Step 2, along with a higher CW. The
participant attributed this difference to the perception that
Step 3 provided greater emotional value when none of the
responses offered practical guidance.
Participant P005 was matched with Response 3 in Step

2 (Memory 1, Humor 0) and preferred a configuration of
Memory 1 and Humor 1 in Step 3. Compared to Step 1, both
personalized conditions were perceived as slightly improv-
ing overall communication quality, although the participant
noted that none of the responses provided effective or action-
able advice. While ACQ decreased in Step 3, the participant
described the experience of manual parameter adjustment as
“feeling like testing with an AI rather than chatting with it.”
In terms of CW, both Step 2 and Step 3 received higher rat-
ings than Step 1. The participant reported feeling less judged
when interacting with a more humorous AI in Step 3 but
ultimately assigned similar CW ratings to Step 2 and Step
3 due to a preference for minimal effort during interaction.
Through participant feedback in questionnaires and in inter-
views, it was observed that differences in engagement levels
during personalization adjustments across System-Tailored
AI and User-Tailored AI resulted in different decision-making

approaches and perceptions of personalization among par-
ticipants.
In Step 2 (System-Tailored AI), participants primarily se-

lected preferred styles by evaluating the perceived quality of
the response outcomes presented in the style samples. Word
choice and tonal cues strongly shaped their impressions of
each style. Overall, responses corresponding to Sample 1
and Sample 3 were most frequently favored, and the final
matched chat records No.1 and No.3 aligned with these sam-
ples. It’s worth noting that everyone has their own unique
perception of what constitutes humor. For instance, when
selecting style samples in Step 2, P002 evaluated different
samples as follows: Sample 1 felt “relatively normal,” Sample
2 was “rehashing tired jokes, awkward,” Sample 3 “refer-
enced the past, quite terrifying,” and Sample 4 “seemed to be
mocking me.” Sample 1, deemed normal by P002 and P004,
was perceived as “sarcastic and insincere” by P005. The open-
ended question in Sample 2 elicited negative emotions from
P002, 004, and 005, while P006 found Sample 2’s open-ended
question more conducive to continuing the conversation.
These findings indicate significant individual differences in
interpreting humor and tone. Relying solely on preferences
for response outcomes to adjust subsequent reply styles has
limited effectiveness.

In Step 3 (User-Tailored AI), participants followed a differ-
ent decision-making process. Instead of evaluating complete
responses first, they began by adjusting the available per-
sonalization dimensions, namely memory and humor. Most
participants intentionally adjusted Memory 1, Humor 0 or
1, corresponding to responses No.3 and No.4. The response
outcomes were then used as feedback to verify whether
the parameter adjustments aligned with their expectations.
This parameter-driven decision process enabled participants
to clearly perceive their own intervention in shaping the
chatbot’s response style. As a result, participants reported
a stronger sense of ownership and alignment with the se-
lected style, which in turn reduces sensitivity to subtle dif-
ferences in specific wording or tone. Consequently, the re-
sponses participants preferred in Step 3 did not always match
those adjusted by the system in Step 2, suggesting that user-
controlled personalization effectively help reduce style mis-
matches arising from differences in individual interpretation.

Despite these benefits, limitations of the current parameter-
based adjustment were also observed. For example, P006
commented after parameter adjustment: “After tweaking the
parameters, the AI’s response style feels like it’s a completely
different person, but the content isn’t accurate enough—it’s
not as good as me directly inputting prompts.” Many par-
ticipants also noted that parameter adjustments only alter
the AI’s style without generating useful suggestions. This
explains why some participants felt that while changes in
language style and tone did make the chatbot more under-
standing and emotionally supportive, the lack of or low pro-
portion of useful suggestions remained the most significant
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Figure 4. ACQ and CW for P001-006 in 3 steps

factor limiting or even diminishing improvements in ACQ
and CW ratings.

In addition, speech rate also influenced participants’ eval-
uations. Observations during the interaction showed that
many participants read faster than the default speech rate.
As a result, half of the participants increased the speech rate
in Step 3, while the other half kept the original speed.

Participants who increased the speech rate, such as P001,
reported that the mismatch between reading speed and nor-
mal speech rate caused distraction. P002 kept the original
speed but chose to lower the volume or skip parts of the

audio, stating that “the voice makes me forget what I want
to say.” Participants P004 and P005 similarly reduced the
volume or stop the audio, describing the synthesized voice
as “not like a real person” and “not high enough in qual-
ity.” But participants did not reject voice interaction entirely.
P001 suggested that if text generation and voice playback
were synchronized word by word, the conversation would
feel more immersive. P002 and P005 also acknowledged that
voice could provide a different experience if combined with
face-to-face interaction with a virtual avatar.
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Figure 5. SUS Score, Adjective Rating and Acceptability
Range for P001-006

6.2 The MVP interface usability test
The usability evaluation results of theHolaMVP high-fidelity
prototype are presented in Figure 5. According to established
SUS standards, two participants (P001, P006) scored within
“Acceptable” range, two participants (P003, P005) fell within
the “Marginal” between acceptable and not acceptable, while
two participants (P002, P004) scored “Not Acceptable”. When
comparing participants’ SUS scores with their corresponding
adjective ratings against standard interpretations, P001’s SUS
score and adjective rating were highly consistent. In contrast,
P006’s SUS score was higher than what would typically cor-
respond to the same adjective rating, suggesting a relatively
more lenient evaluation. For participants P002–P005, SUS
scores were generally lower than those implied by their ad-
jective ratings, indicating comparatively stricter assessments.

Based on observations during task execution and partici-
pants’ qualitative feedback, information architecture emerged
as the primary source of usability issues in the current MVP
interface. Most participants reported difficulty in under-
standing functional groupings and page hierarchies during
first-time use. In particular, when the Hola Page served as
the main entry point, the simultaneous availability of chat-
related functions, page navigation, and quick notes led to
confusion between functions.

From an interaction perspective, the collapsible menu de-
sign did not effectively reduce perceived interface complexity.
Instead, it caused some participants to miss certain function
entry points during initial use. During conversations with
the Hola’s Avatar, interactions related to viewing and clos-
ing chat transcripts were frequently described as unintuitive,
with participants noting that “closing the transcript only via
buttons” did not match their expectations. Additionally, new
features such as Quick Notes and Historical Memory showed
mismatches with users’ existing mental models and require
further explanation or guidance to reduce cognitive load.
Participants’ evaluations of the product’s visual accep-

tance are shown in Figure 6. Overall, visual acceptance varied
substantially across participants. Some participants consid-
ered the interface style generally acceptable, while others
reported that interface hierarchy and visual presentation sig-
nificantly influenced their overall impression of the product.

Figure 6. Product Visual Acceptance

Figure 7. Business Model Accepatance

Several participants pointed out that the digital avatar’s
appearance lacked a clear connection to the overall inter-
face style and brand identity. Moreover, as the avatar was
presented in a static form in the current prototype, it was
perceived as lacking interactivity and immersion. One par-
ticipant additionally noted that certain text sizes were too
small, negatively affecting long-term readability.

Acceptance of proposed business models is shown in Fig-
ure 7. Participants generally expressed negative attitudes
toward the inclusion of advertisements during chat inter-
actions, while showing relatively higher acceptance for AI
limited on daily usage but without advertisements.
Over half of the participants indicated that willingness

to pay was primarily driven by perceived chat quality and
functional value rather than visual or decorative elements.
Acceptance of subscription-based models varied across par-
ticipants but was generally viewed as conditional on clear
and tangible value improvements.

6.3 Reflections on Personalization
After forming a comprehensive understanding of the product,
participants shared their views on personalization. Among
existing elements, adjustment of the Memory parameter
in chatbot responses was the most positively received, de-
scribed as making the system feel “more understanding”
and “being remembered.” P002 noted that using Memory to
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remind users of long-term personal growth would be conve-
nient, while P004 mentioned that increasing Memory could
help recall past achievements during moments of low con-
fidence. In contrast, adjustments of the Humor parameter
led to mixed or negative reactions due to strong individual
differences. Participants emphasized the importance of con-
sistency between Hola’s Avatar and its voice, while their
overall attitude toward avatar customization remained neu-
tral. Several participants found personalization of speech
tone and trendy expressions potentially engaging.
Across participants, there was a shared expectation for

more practically useful advice; P006 suggested that adjusting
the balance between professional terminology and accessi-
ble explanations could be meaningful. Moreover, the current
personalization interaction was perceived as limited on ad-
justable range, and more abstract compared to using natural
language prompts. Regarding Voice, the primary require-
ment is selecting a timbre that best matches the Avatar’s
appearance. P002 additionally notes that individuals with
differing senses of humor or vocabulary usage may employ
distinct speaking tones.

7 Discussion
The preliminary results indicate a generally positive correla-
tion between ACQ and CW. Compared to the baseline chat
records used in Step 1, personalized chatbot responses in Step
2 and Step 3, in which vocabulary choice, formality, tone, and
speech rate were adjusted, improved both ACQ and CW for
most participants. This aligns with prior findings in medical
and task-oriented contexts, where personalized voice-based
interactions have been shown to enhance user–chatbot com-
munication experiences [17, 43].

Beyond stylistic personalization, this study further shows
that in self-disclosure scenarios, participants’ evaluations of
ACQ and CW were strongly influenced by the proportion of
“useful” information in the responses. In this study, useful
information refers to content that provides new knowledge,
actionable suggestions, or reliable analysis. When such infor-
mation was perceived as insufficient, participants reported
lower ACQ and CW, even when the chatbot was seen as emo-
tionally responsive. This pattern is likely related to partici-
pants’ interaction motives. Given their prior experience with
AI tools and clear awareness that Hola is driven by AI, partic-
ipants expected support for reflection and problem-solving
rather than emotional reassurance alone. Their expressed
interest in self-improvement further reflects alignment with
the intended user profiles.

User-tailored personalization shifted participants’ decision-
making from evaluating specific response texts to reflecting
on their own preferences. This increased users’ sense of
agency and identification with the resulting responses, re-
duced attention to wording details, and led to higher ACQ

and CW compared to system-tailored personalization. How-
ever, if user-customizable content and the interaction during
customization are poorly designed, it may result in generated
responses that do not align with user expectations.

Results from the usability test indicate that the current in-
terface increases cognitive load during first-time use, mainly
due to complex information architecture, unclear functional
grouping, and non-intuitive interaction logic. These issues
may reduce users’ willingness to continue using the product.
However, quantitative results should be cautiously inter-
preted. The high-fidelity prototypes used in this study were
implemented in Figma, which limits interaction realism com-
pared to a fully developed product. Moreover, the exploratory
study involved only six student participants within the target
age range, resulting in limited sample size and occupational
diversity. Therefore, the quantitative findings primarily serve
as descriptive references and are interpreted in conjunction
with qualitative feedback.

Participants’ evaluations of visual acceptance and busi-
ness models further suggest that these perceptions are con-
strained by interface usability and functional effectiveness.
Although ads are generally unacceptable tomost participants,
free-to-use products can increase some users’ tolerance for
watching ads. For business model offering daily free quotas,
the product must consider the upper limit of these quotas
and competition from other free AI products.

Finally, participants offered new insights into the person-
alized content and interactive approaches which valuable for
future design considerations. With further refinement of the
develop, future research could consider testing with more
participants from a wider range of occupational backgrounds
over longer periods, to better approximate chatbot use in
self-disclosure scenarios.

8 Conclusion
This study provided preliminary insights into how different
levels of user controllability over chatbot response person-
alization relate to users’ perceived communication quality
and willingness to engage in self-disclosure. In parallel, a
usability evaluation of the Hola MVP interface identified key
design limitations and captured initial user perspectives on
visual presentation and business model concepts. Together,
insights on personalization design for an AI-based daily heal-
ing mate establish a foundation for the subsequent FMP’s
design research direction.
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