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Abstract

Technologies for personal health have been an area of active re-
search in the HCI community for several decades. In recent years,
the introduction of machine learning and artificial intelligence
paved the way for a new generation of technologies for personal
health. Specifically, large language models can enable human-like
communication between individuals and AI on a variety of top-
ics, including personal health, and are already actively explored
in nutritional and mental health counseling. There are, however,
many open questions as to appropriate and ethical introductions
of LLMs in such sensitive contexts as personal health. Moreover,
there are open questions as to the role of these technologies in HCI
for personal health research. In this provocation, we outline some
of these open questions, with the hope of starting this discussion
in the HCI for health community.
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1 Introduction

The use of technology for personal health has a long and rich
history, evolving from simple self-tracking tools to sophisticated
digital health interventions. Early systems focused primarily on
personal informatics, enabling individuals to collect, visualize, and
interpret their own health data [6, 15]. Over time, the field has
shifted toward greater reliance on computational inferences, pre-
dictions, and recommendations, allowing for more proactive and
intelligent health management [18, 21, 27].

Recent advances in large language models (LLMs) have intro-
duced new opportunities in this space, sparking growing interest in
their potential applications for personal health [3, 12, 16]. A rapidly
emerging body of research explores how models like ChatGPT
can be leveraged in domains such as nutrition counseling [24, 30],
mental health support [13, 23, 28], and chronic disease manage-
ment [20, 22]. Beyond personal health, this enthusiasm is reflected
in a broader trend across multiple domains, as evidenced by the
increasing number of studies in human-computer interaction (HCI)
exploring LLM-driven solutions under the umbrella of “Can Chat-
GPT do X?”
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However, these optimistic expectations come with significant
concerns. Researchers and practitioners are raising critical ques-
tions about the reliability, safety, and ethical implications of LLM-
powered chatbots in sensitive health contexts [8, 11]. Unlike tra-
ditional health technologies, LLMs introduce unique risks, includ-
ing misinformation, over-reliance, and challenges in ensuring ac-
countability [7, 14]. As these models become more integrated into
personal health technologies, the HCI community must carefully
consider their appropriate role and impact in shaping the future
of digital health and how both existing and new conferences in
the field can promote rigorous and ethical research on LLMs in
personal health.

In this paper, we explore key open questions at the intersection
of LLMs, HCI, and personal health, outlining areas where future
research and discussions can make meaningful contributions to
the field. Our goal is to critically examine both the potential and
limitations of LLMs in personal health contexts, fostering a dialogue
on responsible and impactful innovation in this rapidly evolving
landscape. We wish to articulate and discuss potential aspects of
the academic work that are desirable for this proposed venue and
valuable for the community.

2 An Incomplete Category List of Recent
LLM-related Work in Personal Health
Research

As a brief overview, we first provide a high-level, non-exhaustive
list of directions that researchers have explored with LLMs in HCI
for personal health.

2.1 LLM as a Health Detection / Prediction
Method

LLMs have increasingly been applied as predictive tools in personal
health. Recent research has demonstrated that LLMs can analyze
personal health data—including self-reported information and sen-
sor readings—to generate detections or predictions about health out-
comes [12]. For instance, by integrating textual self-tracking data
with quantitative metrics from wearables, various LLMs are lever-
aged to predict a broad range of outcomes, such as sleep quality, risk
for chronic conditions, and mental health conditions, to name just a
few [5]. Some recent studies show that fine-tuning domain-specific
LLMs can further improve their predictive accuracy, aligning their
performance with expert assessments [12, 13, 28].

2.2 LLM as Part of the Intervention Method

Innovative intervention systems have begun incorporating LLMs
directly into behavioral health applications. These systems typically
leverage conversational agents to deliver personalized health advice
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or support public health interventions [9]. Emerging literature
shows applications in many fields, such as nutrition counseling [29],
mental well-being support [23], and personal activity coaching [10],
where chatbots powered by LLMs facilitate interactive, adaptive
conversations that can mimic supportive therapy sessions. These
interventions not only provide immediate, on-demand guidance
but also integrate multimodal data (e.g., from wearables) to tailor
recommendations in real time [25].

2.3 LLM as Role-Playing for Intervention
Evaluation or Education

Beyond conventional evaluation metrics, LLMs have been employed
as simulated participants to role-play patient scenarios during the
testing of health interventions or delivery health education [17, 19].
In this capacity, LLMs assume the role of a patient, generating realis-
tic responses and behaviors based on a predefined health profile or
intervention scenario. This approach enables researchers to observe
how an intervention performs in a controlled yet dynamic dialogue
setting, effectively “stress-testing” the system’s ability to handle
a wide range of patient inputs without the immediate need for
human subjects [1, 31]. By acting as virtual patients, these models
allow for iterative refinement of intervention strategies—identifying
potential communication breakdowns or misinterpretations—and
provide valuable insights into the robustness and adaptability of
digital health tools before broader clinical trials are initiated.

2.4 LLM as an Analysis Tool to Facilitate
Research

Finally, LLMs have transformed research methodologies in personal
health by serving as advanced analysis tools that synthesize large-
scale qualitative data [2, 4]. They are now routinely employed to
review and summarize patient narratives, clinical notes, and even
social media discussions, enabling researchers to efficiently iden-
tify trends, biases, and emerging health concerns. Although there
has been some ongoing debate about the reliability and potential
bias of this research methodology, the advanced text-mining ca-
pability reduces the manual burden of literature reviews and data
coding [4, 26]. Additionally, LLMs assist in drafting and refining re-
search protocols, proposals, and publications, ensuring that insights
derived from big data are rapidly translated into actionable research
outcomes [11]. Together, these diverse applications underscore the
transformative potential of LLMs in enhancing personal health
monitoring, intervention delivery, evaluation processes, research
methodologies, and more applications.

3  What’s next with LLM for HCI & Personal
Health?

Despite the promising capabilities of LLMs demonstrated through
recent work, there is a long list of open questions and challenges
that are yet to be explored. Below, we propose a set of provocative
questions that we hope can generate a discussion within the re-
search community and establish some directions for future research
and publications that investigate the use and applicability of LLMs
for personal health.
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3.1 What mechanisms are needed to ensure
alignment between LLM-based chatbots and
individuals’ needs and expectations in the
context of personal health?

For LLM-based chatbots to be truly effective in personal health con-
texts, they must align with individuals’ diverse needs, expectations,
and health goals. Achieving this alignment requires a combina-
tion of personalization mechanisms, adaptability, and user feed-
back loops. Personalization can be achieved through context-aware
models that take into account an individual’s health history, pref-
erences, and lifestyle while maintaining user privacy and control
over data. Furthermore, adaptive dialogue strategies can help these
models tailor their responses based on users’ evolving needs, ensur-
ing they remain relevant and supportive over time. Incorporating
human-in-the-loop approaches, where expert review or reinforce-
ment learning with human feedback (RLHF) helps refine chatbot
behavior, can also enhance alignment. Additionally, transparency
in chatbot operations—such as explaining reasoning, citing sources,
or indicating uncertainty—can help users calibrate their trust and
expectations, reducing the risk of over-reliance or misinterpretation
of Al-generated health guidance.

3.2 What mechanisms can help to leverage the
generative capabilities of LLMs while
establishing appropriate safeguards to
ensure adherence to evidence-based health
communication patterns?

While LLMs possess powerful generative abilities, their open-ended
nature raises concerns about hallucinations, misinformation, and
deviations from evidence-based health communication. To miti-
gate these risks, effective safeguard mechanisms must be in place
to ensure adherence to medical guidelines and best practices and
investigating appropriate safeguards is an important direction for
future research. For example, this research can investigate the pos-
sibility of constraining LLM outputs using retrieval-augmented
generation (RAG), where responses are anchored to verified med-
ical literature, clinical guidelines, or trusted health sources. Hy-
brid models combining LLMs with rule-based systems can further
enhance reliability by ensuring that certain medical queries are
addressed through predefined expert-vetted pathways. Addition-
ally, algorithmic auditing and bias detection tools can help identify
and mitigate potential risks of misleading or harmful advice. To
reinforce evidence-based communication, chatbots can be equipped
with explainability features, such as linking to authoritative sources,
providing disclaimers, and prompting users to consult healthcare
professionals when necessary. Designing LLM interactions that bal-
ance creativity with accountability is crucial in maintaining both
engagement and trust in personal health applications.
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3.3 How do individuals interpret LLM-based
chatbots for personal health, and what
interaction techniques can help them arrive
at appropriate and accurate interpretations
of LLM capabilities?

A major challenge in deploying LLM-based chatbots for personal
health lies in how users interpret their responses, capabilities, and
limitations. Unlike traditional medical tools, LLMs generate re-
sponses dynamically, which can lead to misconceptions about their
reliability, expertise, or authority. Users may struggle to differenti-
ate between Al-generated insights and clinically verified informa-
tion, which underscores the need for effective interaction design
strategies. An example of a mechanism that addresses this challenge
is progressive disclosure, where the chatbot clarifies its role, limita-
tions, and confidence level in its responses. Interactive affordances,
such as citations, confidence scores, or direct comparisons between
Al-generated and evidence-backed answers, can help users make
more informed judgments. Additionally, dialogic techniques—such
as prompting users to reflect on chatbot-generated advice or verify
information with external sources—can encourage critical engage-
ment rather than blind acceptance. By leveraging user-centered
design principles, developers can create interaction mechanisms
that help individuals navigate Al-generated health information
responsibly and accurately.

3.4 How do LLM-based chatbots for personal
health evolve over time and what are thier
long-term trajectories in different scenarios?

The capabilities and roles of LLM-based chatbots in personal health
are expected to evolve significantly over time, shaped by advances
in Al regulatory frameworks, and user adoption patterns. Initially,
these chatbots may serve as supplementary tools—offering basic
informational support, symptom checking, or mental health assis-
tance. However, as models improve in contextual reasoning, mul-
timodal understanding, and personalization, they may transition
toward more proactive and adaptive health companions that assist
users in long-term health management, lifestyle coaching, and be-
havioral interventions. The regulatory landscape will also play a
crucial role in shaping their evolution, determining the extent to
which LLMs can integrate with electronic health records (EHRs),
telemedicine, and clinical decision support systems. Furthermore,
different usage scenarios—ranging from self-care applications to
clinician-augmented interactions—may develop along divergent tra-
jectories, each with distinct risks and benefits. Understanding these
long-term dynamics is essential for anticipating future opportuni-
ties, ethical challenges, and research directions in the intersection
of Al and personal health.

3.5 How to maintain a continuous and rigorous
evaluation of LLM-based health
applications?

Maintaining continuous and rigorous evaluation of LLM-based per-

sonal health applications is essential to ensure their safety, efficacy,

and reliability in dynamic healthcare environments. This necessi-
tates the development of comprehensive evaluation frameworks
that encompass both pre-deployment assessments and ongoing
post-deployment monitoring. Pre-deployment evaluations should
rigorously test models using diverse datasets to identify potential bi-
ases and validate performance across various demographic groups.
Post-deployment, continuous monitoring systems are also crucial
to detect performance shifts, data drift, or emergent biases, thereby
safeguarding against potential degradations over time. Implement-
ing real-time LLM auditing mechanisms can facilitate the prompt
identification and rectification of issues, ensuring that systems
remain aligned with clinical standards and patient safety require-
ments. Moreover, fostering interdisciplinary collaboration among
Al developers, healthcare professionals, and regulatory bodies is vi-
tal to establishing standardized evaluation protocols and promoting
transparency in LLM-driven healthcare solutions. Such collabora-
tive efforts are essential for the creation of robust guidelines and
best practices, enhancing the trustworthiness and effectiveness of
LLM-based applications in personal health contexts.

3.6 What are the ethical implications of
deploying LLMs in personal health contexts,
and how can ethical frameworks be
established to guide responsible
development and use?

The deployment of LLMs in personal health raises ethical questions
related to autonomy, consent, and the potential for Al to influence
personal health decisions. Establishing ethical frameworks that
define the boundaries of Al intervention in personal health is im-
perative. These frameworks should address issues such as informed
consent, transparency in Al decision-making processes, and the
right to opt-out of Al-driven recommendations. Engaging stake-
holders—including ethicists, healthcare providers, patients, and
policymakers—in the development of these guidelines will ensure
that diverse perspectives are considered, promoting the responsible
integration of LLMs into personal health domains.

4 Conclusion

In this position paper, our goal was to raise some open questions
regarding the appropriate use of LLMs in applications for personal
health. The summary and questions above are meant as provocative
and illustrative, rather than as an exhaustive list of different research
directions in this area. We believe that establishing clear criteria
for relevant and appropriate research on LLMs in personal health
will be important for any publishing venue, including new ones
as well as well-established ones. There is a considerable risk of
publication venues flooded with submissions simply describing
ways to adapt LLM-based chatbots to specific tasks, which may lack
research insights that can move our community forward. We look
forward to discussing these questions with workshop participants.
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