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Introduction

HE rapid advancements in large language models (LLMs) [1] have opened new

frontiers in artificial intelligence (Al), revolutionizing fields such as natural

language processing [2], conversational Al, and personalized interaction sys-
tems. These large language models, powered by billions of parameters, can generate
human-like dialogue and adapt to diverse applications. In recent years, conversa-
tional agents, or chatbots, have received growing attention for their role in health
interventions [3-5], offering scalable, on-demand support for mental health, chronic
disease management, and health behavior change. Prior research has demonstrated
that AI or LLM-driven conversational systems can provide personalized guidance,
improve interactive engagement [6], and assist in behavior change [7], making them
valuable tools in digital health interventions. Given the global shortage of healthcare
professionals and the growing burden on mental health services, LLM-powered
conversational agents present a promising solution to bridge accessibility gaps and
extend healthcare support to underserved populations.

In both mental and physical health interventions, motivational interview-
ing (MI) [8, 9] is a well-established, evidence-based approach to health behavior
change [10]. MI relies on core therapeutic skills such as reflective listening [11],
eliciting intrinsic motivation, and empowering individuals to take ownership of their
changes (i.e., fostering client autonomy). The ability to deliver MI through conversa-
tional agents offers promising potential to make behavior change interventions more
accessible and scalable, particularly for individuals who face barriers to traditional
care. The interactive and empathetic elements of MI align well with the nature of
conversational agents, which are capable of building rapport through reflective
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and motivational dialogue, for example, by paraphrasing a user’s concerns to show
understanding (reflective dialogue) or by encouraging self-efficacy and change talk
(motivational dialogue). While early rule-based chatbots [12] have demonstrated
value in structuring dialogue exchanges, they lack the flexibility to adapt to clients’
diverse and evolving responses and rely heavily on expert-crafted content,because
their responses are predetermined and must be manually designed to cover specific
scenarios and context [13,14].

With the advancement of LLMs, LLM-powered conversational agents on the
other hand, dramatically improved at generating contextually rich and natural-
sounding dialogue [15]. However, LLMs still lack inherent adherence to therapeutic
principles. For instance, LLMs may offer advice prematurely or fail to elicit change
talk, which contradicts key MI strategies that prioritize client autonomy and reflective
listening. This can result in outputs that are inconsistent, ineffective, or even harm-
ful [16] in sensitive contexts such as psychotherapy for health behavioral intervention.
This highlights a critical need for approaches that align LLMs with domain expertise
to ensure their outputs are not only contextually coherent and engaging but also
therapeutically adherent, controllable, and explainable. Therefore, the work in this
thesis investigates the approaches to align LLMs with domain expertise, specifically
by integrating therapeutic strategies from evidence-based frameworks (i.e., motiva-
tional interviewing (MI) and cognitive behavioral therapy (CBT) [17]). Thus, alignment,
in this work, refers to guiding or constraining the LLM’ s responses so that they follow
established therapeutic strategies, rather than simply generating plausible-sounding
dialogue. For example, instead of giving direct advice when a user expresses dis-
tress (which LLMs might do by default), an aligned model grounded in MI would
respond with a reflective statement that encourages further self-exploration and
supports empathetic engagement. MI’ s flexible, client-centered style emphasizes
open-ended questions and reflective engagement [8, 18, 19], making it well-suited
for evaluating LLMs’ ability to support empathetic, context-aware dialogue. In
comparison, CBT is a widely used, evidence-based approach that focuses on helping
individuals identify and change unhelpful thought patterns and behaviors. It relies
on structured, goal-oriented techniques, such as cognitive reframing, where a client
is guided to re-interpret negative thoughts in a more balanced and constructive
way [20]. This structured nature aligns well with LLMs operating under explicit
therapeutic objectives. The work in this thesis investigates how aligning LLMs with
these two complementary therapeutic frameworks can more readily achieve both
therapeutic adherence and empathetically engaging interactions [21,22].

In addition to LLM's potential for delivering MI-based psychotherapy for health
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behavior interventions, LLMs are increasingly poised to support another critical
aspect of personal health: online health information-seeking [23, 24]. This form
of digital engagement is often an integral part of the broader behavior change pro-
cess, where individuals educate themselves about symptoms, treatment options,
and lifestyle adjustments before or alongside health intervention. A significant
portion of the population now utilizes digital resources to obtain medical advice,
symptom assessments, and treatment recommendations [25, 26]. Studies have
shown that individuals frequently use online search engines, health-related social
media, and medical platforms to supplement traditional healthcare services. While
these resources have democratized access to health information, they also introduce
challenges related to varying content credibility, misinformation and difficulties
in interpreting complex medical advice [27, 28]. The emergence of LLM-powered
conversational search [29,30] is transforming this landscape by providing interactive
and tailored health information. Unlike traditional search engines that return a list
of links, LLMs can provide coherent and synthesized responses accessed through
conversational user interfaces (CUIs), mimicking human-like and context-aware
dialogue interactions [31-33]. These LLMs can engage users through CUIs, offering
immediate and contextually relevant information, which makes them particularly
appealing in the domain of health information-seeking, where users often seek
immediate, relevant, and easily digestible information and advice. As such, LLMs not
only enable accessible health support but also play a growing role in shaping how
people form health beliefs and make informed decisions, a key precursor to behavior
change.

Despite these advantages, public confidence in Al-based health tools remains
limited. A recent U.S. national poll [34] found that fewer than half of adults trust chat-
bots for health information, revealing a persistent trust gap in the general popula-
tion. However, trust in traditional health authorities, such as government agencies
and public health institutions, did not do much better depending on individual polit-
ical views, reflecting societal polarization. In this context of widespread uncertainty
and competing sources of online information, trust becomes a decisive factor in how
individuals make health-related decisions. As prior work [35] has shown that trust sig-
nificantly influences whether people accept or reject Al technologies, particularly in
sensitive domains like healthcare [30,36-38].

Across a century of scholarship, researchers have continued to propose various
perspectives of what constitutes trust [39-41]. While no single definition fully cap-
tures all dimensions of trust, three core elements seem to stand out [39,42]: (1) a posi-
tive expectation regarding the reliability or intentions of the trustee, (2) a willingness



4 | 1. INTRODUCTION

to accept vulnerability or risk, and (3) a context of uncertainty where the decision to
rely on the trustee may impact one’ soutcomes. In the context of human-technology
and human-machine interaction, Lee and See [43] further describe trust in automa-
tion as an attitude that the system will help achieve an individual’ s goals in situ-
ations involving uncertainty and risk. They argue that trust can extend beyond in-
terpersonal expectations to include beliefs about a system’s transparency, alignment
with user goals, and competence (i.e., system’s ability to perform its intended function
accurately and reliably). For example, a health chatbot’ s competence involves deliv-
ering accurate and relevant health information, transparency means clearly commu-
nicating its limitations and information sources, and alignment with user goals refers
to understanding and supporting the user’ s health-related needs or decisions.

With the rapid development of Al and LLMs, increasing research has focused
on understanding user trust in Al-enabled systems [44], as well as identifying the
progress, challenges, and future directions of Al technologies. For instance, Saleh et
al. [45] highlight issues such as lack of transparency and difficulties in ensuring hu-
man oversight as key challenges for building trustworthy Al systems. Moreover, prior
empirical work identifies multiple dimensions shaping trust in online information,
including how information is presented (e.g., formatting and language style) [33],
the agent’s interaction style (e.g., tones, proactive asking and adaptability) [32, 33],
the perceived credibility of the information source (e.g., whether the source is a
known institution, expert, or anonymous user from social media) [46-48], and the
transparency of content generation and labeling (e.g., whether it is disclosed that
content was Al or human-generated and how that content was produced) [27,49, 501.
While LLM-powered conversational search agents can foster search engagement and
enhance the user experience [32,33], they also raise concerns such as the credibility
and reliability of information and potential over-reliance on LLM-generated con-
tent [51, 52]. Understanding how such factors influence trust is essential for ethical
design of reliable and transparent LLM-powered health systems and user interfaces
that users can confidently utilize for trustworthy health information-seeking.

Trust assessment has methodological dimensions. Whereas self-reported mea-
sures are widely used for their simplicity and directness, they are prone to biases such
as social desirability and the Initial Elevation phenomenon, i.e., an inflated sense of
trust at the beginning of an interaction [53-55]. These biases can compromise the re-
liability and validity of trust assessments. Behavioral and physiological measures may
offer a complementary lens of implicit (i.e., automated or subconscious) responses for
evaluating trust [56-58]. This measurement approach aligns with growing interest in
Human-Computer Interaction, using physiological sensing to inform system design
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and evaluation [59]. For example, eye-tracking data, such as fixation duration and sac-
cade patterns, can reflect cognitive engagement, while physiological signalslike heart
rate variability (HRV) [56, 60, 61] can indicate emotional arousal and cognitive burden.
These multimodal signals may provide richer insights than self-report alone [61,62].

To summarize the above, the integration of LLMs into the health context offers
significant potential but also presents critical challenges, particularly in delivering the
digital health behavioral interventions as well as trustworthy health communication
for health information search and dissemination. Addressing these challenges re-
quires methodological innovations in aligning LLMs with domain-specific expertise
and guidelines to improve the therapeutic adherence, contextual appropriateness,
and explainability. In addition, empirical research on the trust perception through
both self-reports as well as behavioral and physiological sensing, as an innovative
approach to trust assessment, is essential to inform the design of trustworthy, trans-
parent, and human-centered LLM-powered healthcare systems and user interfaces
for health behavioral intervention and health information seeking.

1.1 This thesis

Motivated by the above potentials and challenges, the work in this thesis sought
to further study the potential of LLMs in delivering digital health behavioral inter-
vention and health information. Also, it examined how human-perceived trust in
LLM-powered health communication is shaped, particularly in the context of health
information-seeking and dissemination. Additionally, this work explored implicit
dimensions of human trust by incorporating behavioral and physiological sensing to
capture implicit responses to LLM-generated health information. By alighing LLMs
with domain expertise for explainability and understanding trust in LLM-powered
health communication, this thesis introduces two key novelties: 1) developing the
model-based approaches to enhance the explainability and controllability of LLMs
for chatbot-delivered psychotherapy, ensuring alignment with domain expertise
in sensitive contexts; and 2) empirically investigating how trust in LLM-generated
health information is influenced by user interface, interaction types, and transparent
UI cues. It also explores the use of physiological and behavioral assessment, in
addition to self-report, to capture implicit dimensions of trust. By bridging LLM
alignment with human-centered trust research, this thesis aims to contribute to the
development of explainable, transparent, and trustworthy Al applications and user
interfaces in LLM-powered health contexts for health intervention and information
seeking. To that end, this thesis has two interrelated research themes:

(1) Model: Aligning LLMs with domain expertise to enable explainable and control-
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lable chatbot-delivered psychotherapy for health behavior interventions.

(2) Interface: Understanding how trust perceptions are shaped when people
interact with health information generated by LLMs and disseminated by
LLM-powered conversational user interfaces with different modalities.

Research Theme 1: Model —Aligning LLMs with Domain Expertise for Health Interven-
tion

This first theme investigates how LLMs can be aligned with domain-specific
expertise to enable controllable and explainable chatbot-delivered psychotherapy for
health behavior interventions. The work unfolds in three stages. First, a large-scale
empirical study evaluated how well current LLMs (i.e., GPT-4, LLaMA, BLOOM) can
generate MI-consistent reflective utterances. This study revealed both the strengths
and limitations of LLMs in capturing the nuance of MI dialogue. Second, to enable
more systematic exploration, a bilingual MI dataset annotated with Motivational
Interviewing Skill Codes (MISC) [11, 63] was constructed with the MI conversations
collected from real therapy sessions, providing a ground truth resource for subse-
quent training and evaluating LLMs in MI contexts. In parallel, a second dataset
was developed consisting of expert-crafted therapeutic dialogues grounded in both
MI and CBT. This dataset captures a wide range of behavior change scenarios and
provides structured content for testing LLM alignment with expert-guided conver-
sational flows and therapeutic strategies (i.e., MISC). Third, building upon these
data resources, the research of this theme further proposed an expertise-driven
alignment method (i.e, Script-Strategy Aligned Generation, SSAG) to enhance
LLM adherence to therapeutic strategies [11, 64] and structures while maintaining
conversational flexibility and engagement. Through empirical investigations, the
research in this theme contributes practical methods and insights for developing
LLM-powered psychotherapy chatbots that balance adherence to domain expertise
with conversational flexibility and engagement.
RQ 1: How well do LLMs perform in generating reflective utterances in motivational in-

terviewing (MI) sessions? (Chapter 2)
This question evaluates the extent to which LLMs can generate reflective dialogues
by comparing LLM-generated reflections to human-authored ones, through human
evaluation. It examines four assessment criteria: appropriateness, specificity, natu-
ralness, and engagement, which are essential for fostering client self-exploration and
motivation. This question establishes an initial understanding of LLM capabilities in
generating Ml reflections, highlighting both their potential and key limitations.
RQ 2a: Do expert-crafted dialogue scripts remain essential for chatbot-delivered psy-

chotherapy in the era of LLMs? (Chapter 4)
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RQ 2b: Can psychotherapy chatbots using script-strategy aligned generation (SSAG)
achieve comparable conversational quality and therapeutic effectiveness to
those using script-aligned generation (SAG)? (Chapter 3 & 4)

RQ 2c: To what extent can SSAG reduce the reliance on expert-scripted content for
developing the psychotherapy chatbots? (Chapter 3 § 4)

These questions examine how LLMs can be aligned with domain expertise, ie,
expert-crafted dialogue scripts and MI strategies (i.e., MI skill codes [11]), to generate
psychotherapeutic dialogues that are both therapeutically effective and conver-
sationally engaging. Building on the constructed dataset resource (Chapter 3),
we proposed and evaluated a script-strategy aligned generation (SSAG) approach
(Chapter 4), where LLMs are first prompted to reason about the appropriate MI
strategy before generating the corresponding dialogue response. Results from both
automatic and comparative human studies show that this approach improves the
therapeutic adherence and explainability of LLM-generated psychotherapeutic dia-
logues. This demonstrates that expertise alignment enhances the controllability and
practical viability of LLM-powered psychotherapy for health behavior intervention,
while highlighting the trade-offs between structure, flexibility, and engagement in
LLM-powered psychotherapeutic health intervention.

Research Theme 2: Interface —Trust Perception in LLM-Powered Health Communica-
tion

The second theme in this thesis addresses another challenge by conducting a se-
ries of mixed-methods user studies. These studies examined how people perceive
and evaluate trust in Al-generated health information, focusing on both the search
agent (e.g., ChatGPT [65] vs. traditional search engine, Google) and the dissemination
interface (i.e., text-based, speech-based, or embodied). Trust plays a pivotal role in the
adoption of Al technologies in health, where perceived credibility, transparency, and
ethical responsibility are essential. This theme also investigated whether users trust
Al-generated content differently from human-generated information, and how dis-
closed source labeling (e.g., “Al-generated” vs. “human-generated” ) modulates
these perceptions. Findings revealed that LLM-powered conversational agents gen-
erally foster higher trust than traditional search engines, but trust perceptions vary
based on disseminated interfaces, source transparency, and disclosed labeling of the
presented content. While LLM-generated health information was trusted more than
human-generated content, human-labeled information was perceived as more credi-
ble than Al-labeled information, highlighting a complex trust paradox. To gain deeper
insights, behavioral and physiological sensing, such as eye-tracking [66], electrocar-
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diogram (ECG), and electrodermal activity (EDA) [62] signals, were used to capture

the implicit trust-related responses. Ultimately, this theme provides insights into the

design of user-centered, transparent LLM-powered applications by identifying how
trust is shaped not only by content quality but also by interface design and transpar-
ent source labeling.

RQ 3a: How does people perceived trust in health information vary across different
search agents (e.g., Google vs. ChatGPT) and dissemination interfaces (text-
based, speech-based, or embodied)? (Chapter 5)

RQ 3b: How does inherent trust in these agents and interfaces influence the trust per-
ception in health information? (Chapter 5)

RQ 3c: What factors contribute to trust perception across search agents and dissemi-
nation interfaces? (Chapter 5)

These subquestions focus on comparing trust perception across different con-

versational search agents and user interfaces, and analyzing how elements, such

as interaction style, information presentation and dissemination interface with
different modalities, affect users’ trustin LLM-powered health information seeking.

RQ4a: How do the actual source, disclosed label, and type of health information influ-
ence perceived trust? (Chapter 6)

RQ 4b: Can behavioral and physiological signals provide insights into trust percep-
tions toward human- and Al-generated health information? (Chapter 6)

These subquestions investigate whether users trust Al-generated health informa-

tion differently from human-generated content, and how disclosed labeling (i.e.,

“Al-generated” vs. “Health Professional-authored”) influences users' trust percep-

tions. Behavioral and physiological sensing are additionally employed to capture

how nuanced implicit responses could relate to user’s trust perceptions in health
information.

Together, these two themes of the thesis provide a cohesive exploration of LLMs
in health-related domains, addressing both their alignment with domain expertise
and their impact on user trust in LLM-powered systems or interfaces. Research in
this thesis highlights the dual nature of LLMs: offering flexibility and scalability but
requiring robust frameworks for alignhment and thoughtful interface design to maxi-
mize their potential in digital health contexts.

1.2 Thesis Outline

This thesis comprises an introduction (Chapter 1), five research chapters (Chap-
ters 2- 6), and a general discussion (Chapter 7). In Chapters 2-6, we explore two
research themes: (1) aligning LLMs with domain expertise in delivering psychother-
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apy for health intervention, and (2) understanding human trust perceptions in health
communication driven by LLM-powered conversational search. These chapters
employ a combination of dataset creation, approach evaluation, and empirical
experiments to address research questions.

The first research theme focuses on aligning LLMs with expertise-driven di-
alogue scripts and therapeutic strategies for motivational interviewing (MI) and
cognitive behavior therapy (CBT)-based psychotherapy. Chapter 2 evaluates the
capability of LLMs to generate reflective utterances in MI. Chapter 3 introduces
the creation of an MI dataset annotated with MI skills codes [11], forming the basis
for subsequent explorations. Chapter 4 explores an expertise-driven approach for
generating psychotherapeutic dialogues with controllability and explainability that
are both contextually appropriate and therapeutically adherent.

The second research theme examines trust in health information-seeking facil-
itated by LLMs. Chapter 5 investigates how people perceive trust in health informa-
tion from traditional search engines compared to LLMs, disseminated through LLM-
powered conversational user interfaces with different modalities. Chapter 6 explores
how the source of health information and the labeling of information as Al-generated
or human-generated influence trust perceptions. Additionally, it incorporates behav-
ioral and physiological sensing to uncover subconscious responses, providing deeper
insights into how people perceive and evaluate LLM-generated health information.

Chapter 2 Before addressing the challenges of aligning LLMs with expertise for deliv-
ering MI, it is essential to initially evaluate their current capabilities in per-
forming fundamental MI skills. This chapter examines how well LLMs can
generate reflective utterances, an essential element of MI, by conducting
human evaluations of LLM-generated reflections. The evaluation study in-
volved layperson evaluators who assessed the quality of LLM-generated re-
flections in terms of four assessment criteria: appropriateness, specificity,
naturalness, and engagement. The results highlighted both the strengths
and limitations of LLMs in producing psychotherapeutically adherent and
contextually relevant MI reflections, providing valuable insights into how
LLMs can be utilized in MI applications.

Chapter 3 Building on the initial human evaluation of LLMs’ ability to generate reflec-
tive utterances for MIin Chapter 2, this chapter focuses on the creation of a
bilingual MI dataset to facilitate the deeper exploration of integrating LLMs
with the domain expertise in MI. The dataset was annotated with MI skill
codes [11], capturing key therapeutic behaviors in MI such as open-ended
questions, affirmations, reflections, summaries, etc. This chapter detailed
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the process of dataset creation, including the collection of MI dialogues in
Dutch from real clinics, the translation from Dutch to English, the anno-
tation process, and the challenges encountered during the bilingual align-
ment. By providing a structured and reliable resource, the dataset can act
as ground truth data and enable systematic exploration of LLMs’ capacity
to generate MI-adherent dialogues, laying the groundwork for subsequent
exploration of how LLMs can be aligned with psychotherapeutic (MI) strate-
gies for controllable and explainable generation.

Chapter 4 This chapter builds on the findings from Chapters 2 and 3 by exploring
innovative approaches to align LLMs with domain expertise (i.e., expert-
crafted dialogue scripts and MI strategies) for controllable and explainable
psychotherapeutic dialogue generation in the context of MI and CBT.
While LLMs have shown promise in producing dialogues, especially for
generating the reflections in MI (Chapter 2), their inherent lack of con-
trollability and explainability poses challenges, especially in the sensitive
context of health behavioral intervention. To address this, MI strategies
were employed as a framework for regulating the generation of a more
controllable and explainable dialogue interaction. Specifically, this chap-
ter introduced a two-step approach: first, instructing LLMs to predict the
relevant MI strategies for the next conversational turn; and second, using
these predicted strategies to guide the subsequent dialogue generation
aligned to both the LLM-predicted MI strategies and the expert-crafted
dialogue scripts. Through a series of automatic and human evaluations,
this chapter examined the effectiveness of this alignment approach. The
results highlighted the potential of strategy and script-aligned generation
in making LLMs controllable and explainable for practical applications in
the context of psychotherapy (i.e., MI and CBT) for health intervention.

Chapter 5 This chapter investigates how human trust in health information is shaped
by traditional search engines compared to LLM-powered conversational
agents, as well as by various conversational user interfaces with different
modalities used to disseminate the LLM-generated health information.
Through two mixed-methods studies, this chapter explored trust percep-
tions in the context of online health information seeking. Study 1 (N=21)
compared trust in health information sourced from ChatGPT versus
Google across different search tasks for health information, revealing
significantly higher trust in ChatGPT, which demonstrates the potential
of LLM-powered conversational search. Building on these findings, Study
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2 (N=20) examined how different dissemination interfaces: text-based,
speech-based, and embodied, powered by an identical LLM, affect trust
in LLM-sourced health information, uncovering significant variations in
trust across interface types. Interviews from both studies identified key
factors influencing trust, including source credibility, interactive mode
and information modality, search autonomy, and participants’ prior
knowledge. These findings highlighted the potential of LLM-powered
conversational search for health information-seeking and provided ac-
tionable insights for designing LLM-powered health tools and interfaces
in fostering trust.

Chapter 6 This chapter explores how information sources and labeling of sources
influence trust in LLM-generated versus human-sourced health infor-
mation, employing behavioral and physiological sensing to gain deeper
insights into trust perception in online health information. With the
proliferation of LLM-generated health content, often indistinguishable
from human-sourced information, understanding how people trust such
content has become critical. A mixed-methods approach was employed,
including a survey study (N=142) and a within-subjects lab experiment
(N=40), to investigate the effects of information source (Human vs. LLM),
disclosed labeling (Human vs. Al) and health information type (General
vs. Symptom vs. Treatment) on trust perception. The findings revealed
that LLM-generated health information was trusted more than human-
generated content, regardless of labeling, while the health information
with human labels was trusted more than Al labels. Trust levels remained
consistent across different types of health information. Behavioral and
physiological sensing data, including eye-tracking and other indicators
(ie., EDA, ECG, and body temperature), were analyzed to predict people’s
self-reported perceived trust level and classify the information sources,
achieving 73% accuracy in binary classification of trust level and 65%
accuracy in source identification. These findings highlighted the role of
transparency in information sources and labeling in modulating trust
perception, demonstrating the potential of behavioral and physiological
measures to verify trust levels and detect when additional transparency is
needed.

Chapter 7 In this final chapter, we synthesize the findings from previous chapters to
address the research questions and highlight the thesis's contributions as
well as implications. We reflect on the challenges and opportunities of the
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research investigated in this thesis. Ultimately, we propose future research
directions, such as expanding LLM alignment to broader contexts, longi-
tudinal evaluation of Al-powered health systems in real-world scenarios,
and refining the trust measurement methods specifically for human-Al in-
teraction. This chapter envisions a future where LLMs are responsibly and
transparently integrated into digital health interventions and communica-
tions.

1.3 Main Contributions

This thesis contributes to the fields of LLM-powered health in several ways, span-
ning data resources, methodological and empirical advancements. Methodologically,
it introduces approaches for aligning LLMs with domain expertise for health behav-
ioral interventions. Empirically, it provides evidence-based insights of human trust
in LLM-powered health information seeking. Together, these contributions advance
our understanding of how LLMs can be controllable and transparently integrated into
LLM-powered healthcare systems, addressing both technical and human-centered
challenges. By addressing these interconnected challenges, this thesis aims to bridge
the gap between technical innovation and human-centered design in the era of LLMs
for digital health intervention and communication. It envisions a future where LLMs
are not only powerful tools for advancing health but also ethically aligned and trusted
by the users they serve.

1.3.1 Dataset Contributions
(1) A bilingual dataset annotated with motivational interviewing (MI) skill codes
(e.g., open-ended questions, affirmations, reflections, summaries) for training
and evaluating LLMs in MI applications. (Chapter 3)

(2) A structured, expert-crafted dialogue dataset for health behavior intervention
developed by health psychology experts, grounded in motivational interviewing
(MI) and cognitive behavioral therapy (CBT). The dataset captures realistic thera-
peutic interactions and supports training and evaluation of LLMs in generating
therapeutically coherent and script-aligned dialogues. (Chapter 4)

1.3.2 Methodological Contributions
(1) A novel approach for expertise-driven alignment (i.e., Script-Strategy Aligned
Generation (SSAG)) of LLMs, instructing LLMs to predict MI strategies before
generating the dialogues, enhancing the explainability and controllability of
LLM generation in the context of MI and CBT for health behavior intervention.
(Chapter 4)
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1.3.3 Empirical Contributions

(1)

14

Alarge-scale empirical human evaluation of LLMs’ ability to generate reflective
utterances in motivational interviewing (MI) based on the assessing criteria ap-
propriateness, specificity, naturalness, and engagement. (Chapter 2)

An empirical investigation into the effectiveness of the proposed expertise-
driven alignment approach (i.e., Script-Strategy Aligned Generation, SSAG) for
enhancing controllability and explainability of LLM in psychotherapy contexts.
(Chapter 4)

An empirical exploration of user trust in LLM-generated health information,
comparing traditional search engines (i.e., Google) with LLM-powered con-
versational agents (i.e.,, ChatGPT), and investigating how conversational user
interfaces (i.e., text, speech, embodied-based) influence user perceived trust in
delivered LLM-generated health information. (Chapter 5)

An empirical investigation on the impact of information source and trans-
parency labeling (Al-generated vs. human-generated) on trust. Using behav-
ioral and physiological sensing, the study demonstrates the potential of these
implicit measures in predicting self-reported trust levels and accurately classi-
fying information sources, offering valuable insights for objectively evaluating
trust in Al systems. (Chapter 6)
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Abstract

Motivational Interviewing (MI) is a counseling technique that promotes behavioral
change through reflective responses to mirror or refine client statements. While ad-
vanced Large Language Models (LLMs) can generate engaging dialogues, challenges
remain for applying them in a sensitive context such as MI. This work assessed the po-
tential of LLMs to generate Ml reflections via three LLMs: GPT-4, Llama-2, and BLOOM,
and explored the effect of dialogue context size and integration of MI strategies in
prompts for reflection generation by LLMs. We conducted evaluations using both au-
tomatic metrics and human judges on four criteria: appropriateness, relevance, en-
gagement, and naturalness, to assess whetherthese LLMs can accurately generate the
nuanced therapeutic communication required in MI. While we demonstrated LLMs'
potential in generating MI reflections comparable to human therapists, content anal-
ysis showed that significant challenges remain. By identifying the strengths and limi-
tations of LLMs in generating empathetic and contextually appropriate reflections in
MI, this work contributed to the ongoing dialogue in enhancing LLM's role in thera-
peutic counseling.
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2.1 Introduction

OTIVATIONAL INTERVIEWING (MI) is an effective client-centered counsel-

ing technique designed to encourage behavioral change by helping clients

explore and resolve ambivalence [67]. Reflective responses, which mirror
or subtly rephrase clients’ statements, are central to MI, deepening clients’ motivation
for behavioral change [67,68]. The empathetic reflections can enhance client engage-
ment and therapeutic alliance, thereby influencing therapeutic outcomes.

Recently, there has been growing interest in how technology, particularly chat-
bots, can complement MI-based interventions [5, 69]. Besides their potential for
scalability and cost-effectiveness, chatbots offer additional advantages including
24/7 availability, and the ability to provide anonymous and non-judgmental support.
Traditional MI chatbots have relied on expert-written scripts and predefined rules to
produce therapeutic dialogues [5, 69-72]. The reliance on scripted content restricts
dialogue diversity and requires significant domain expertise and efforts on dialogue
design. Several studies have attempted to improve this by generating MI reflections
using templates [6, 73, 74]. However, these methods are limited by insufficient
contextual understanding and an inability to replicate the depth of human empathy,
which are crucial for effective MI.

Natural Language Generation (NLG) [75-77] with Large Language Models
(LLMs) [78] marks a significant evolution from pre-scripted conversational MI ap-
plications, offering new possibilities for creating diverse, flexible, and MI-adherent
dialogues by integrating MI expertise through in-context learning and few-shot
capabilities [79]. However, employing NLG to automate MI reflections poses practical
challenges. Therapeutic counseling requires that NLG technologies effectively han-
dle the complex nuances of human communication, ensuring that reflections are not
only contextually appropriate but also therapeutically accurate. The technical limi-
tations of current LLMs, along with ethical considerations in automated therapeutic
interactions, present significant obstacles [80-82]. Additionally, the effectiveness
of LLM-generated reflections is heavily influenced by the prompts used. Therefore,
there is a critical need for rigorous evaluation to assess how different prompts
affect the generated MI dialogues by LLMs, ensuring they meet the high standards
of contextuality and ethics required in MI. Given these challenges, we establish the
following research questions:

(RQ1) Are LLMs capable of generating MI reflections with qualities comparable to hu-
man therapist reflections?

(RQ2) How does the size of the conversation context in prompts affect the quality of
generated MI reflections?
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(RQ3) Can the incorporation of MI strategies into LLM prompts enhance the quality
of generated Ml reflections?

We thereby conducted experiments using the proprietary model GPT-4 [83], the
open-source model Llama-2 [84], and the open-science model BLOOM [85] to evalu-
ate their effectiveness in generating reflections within the MI context. Utilizing the
open-source MI dataset “AnnoMI” [86, 87] with human-human counseling dialogues,
we assessed these LLMs' capabilities for generating Ml reflections. After an automatic
evaluation, we recruited 184 human evaluators to comprehensively assess the gener-
ated reflections based on the selected four criteria: appropriateness, specificity, nat-
uralness, and engagement. By these evaluations, we investigated how well LLMs can
reflect the nuanced communication required in MI settings.

This study evaluated the effectiveness of LLMs in generating MI reflections, with
the goal of advancing empathetic, engaging, and effective conversational Al for psy-
chotherapy. It compared the performance of leading LLMs across different prompt-
ing strategies to identify which combinations produce the most effective therapeu-
tic communications. The extensive human evaluation was a core strength of this re-
search, offering a robust measure of the practical effectiveness of Al-generated re-
sponses in psychotherapeutic settings. By highlighting the capabilities and limita-
tions of various LLMs and prompting variants, this work provided valuable insights
to both linguistic and psychological communities, laying a foundation for future ad-
vancements in LLM-enhanced ML

2.2 Related Work

2.2.1 Generation of Ml Reflections

Motivational Interviewing is a client-centered counseling technique that fosters
health behavior change. Reflection is central to MI, where therapists mirror and em-
pathize with clients' thoughts and feelings, crucial for building rapport and supporting
effective MI therapy [88, 89].

Natural Language Generation [77] in the context of MI mainly involves the
creation of reflective listening responses (‘reflections”). The primary goal of these
responses is to mimic the therapeutic efficacy of human therapists, who use re-
flections to strengthen rapport and elicit client motivation toward change [88, 89].
While MI also includes techniques such as open-ended questions, affirmations, and
summaries, reflections are are particularly suited for NLG due to their structured
yet context-sensitive nature. Other components, which are more interactive or
context-dependent, pose greater challenges for generation and are addressed in
later chapters in relation to their integration with reflections. Other MI components,
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though important, often involve more interactive or judgment-based decision-
making that pose different challenges for automated generation. These aspects
are discussed in later chapters of this thesis in relation to their integration with
reflections.

NLG of reflections offers several benefits in ML Firstly, it can provide consistent
and immediate reflective feedback, which is crucial in MI. Additionally, there is lim-
ited availability of trained therapists in light of the high demand. NLG can handle a
high volume of sessions simultaneously, increasing the accessibility of MI-based in-
terventions. Despite the benefits, implementing NLG in MI has numerous challenges.
The primary difficulty lies in the development of systems capable of generating gen-
uinely context-aware and empathetic responses. Reflections must be tailored not just
to the content, but also to the emotional subtext of the client. Moreover, ethical con-
cerns arise regarding the appropriateness of responses, especially in sensitive scenar-
ios [80,82].

Prior work has been made in the field of NLG for generating MI reflections.
Early work focused on rule-based approaches that utilized templates to mirror client
utterances [73,90]. Further previous studies employed machine learning approaches
to produce more nuanced and contextual reflections [91-93], which rely on large
datasets of therapist-client interactions to learn reflective techniques. Recent ad-
vancements in large language models, have opened new avenues for exploring the
automated generation of MI reflections. These advanced models can rephrase what
clients say, reflecting their words or even emotions, in ways that feel genuine and
empathetic [94], showing promising results in enhancing client engagement.

2.2.2 Evaluation of NLG

The performance of NLG can be critically assessed through both automatic and
human evaluations [95-97]. This process is essential for determining how effectively
NLG systems can produce human-like, contextually appropriate, and engaging
responses, which are crucial for the success of conversational agents in diverse
applications.

Automatic evaluation metrics play a fundamental role in assessing NLG tasks.
Metrics like BLEU [98], ROUGE [99], and METEOR [100] are commonly used to pro-
vide objective assessments of textual similarity between generated dialogues and ref-
erences. More recently, embedding-based metrics like BERTScore [101] have been de-
veloped to capture semantic similarities more effectively than traditional metrics [95,
96].

In addition to the automatic assessment, human evaluation can provide vital
insights into aspects that automated metrics might overlook, including fluency,
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coherence, relevance, and engagement [95]. Initial human evaluation methods often
relied on simple Likert scales where evaluators rated conversations [95]. Recent
advancements have introduced more sophisticated techniques like pairwise com-
parison and ranking-based approaches, such as Rank-based Magnitude Estimation
(RankME [102]). Despite the benefits, human evaluation faces challenges such as
high costs, time consumption, and variability based on subjective interpretations
by evaluators. The absence of standardized protocols complicates comparisons
across different studies. Nonetheless, human evaluation remains indispensable
for understanding how dialogue generation can emulate human conversational
nuances.

2.3 Ml Reflection Generation

2.3.1 Conversation Contexts

We used a publicly available MI dataset, “AnnoMI” [86, 87], which was compiled
by transcribing the English spoken dialogues between therapists and clients on
various topics such as alcohol and nicotine consumption. The data were annotated
based on Motivational Interviewing Skills Code (MISC), which is a coding scheme
providing a systematic way for assessing MI-adherent behaviors in therapist-client
interactions [103, 104], such as the therapist’s behaviors (e.g., reflection, question)
and the client’s behaviors (e.g., change talk, sustain talk). By using the MI-adherent
dialogues of AnnoMI dataset, we created conversation contexts that consist of upto 5
dialogue turns between a therapist and a client where the final therapist response is
labelled as a “reflection” behavior, as shown in Table 2.1.

To prepare the data for human evaluation, we first filtered contexts to reduce re-
dundancy and ensure diversity among utterances, balancing representativeness with
feasibility for manual analysis. This filtering was based on automatic evaluation re-
sults (see Section 2.4.1) and manual content analysis.! From the resulting 194 contexts,
we randomly selected 160 for inclusion in the human evaluation study.

Utterances MISC

Client: | guess it's because | know that | need to do it to lose weight CT
Therapist: So, you realize, again, that if you decrease the amount of juice you're taking in, RF
you're gonna decrease your weight you're gonna feel better

Table 2.1: An example of an exchange between client and therapist in the AnnoMI dataset. “RF” stands for
reflection and “CT” stands for change talk.

The sampling process is detailed in Appendix 2.A.
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2.3.2 Large Language Models

We employed three prominent LLMs in our study?. GPT-4 [83] is widely accepted
as the state-of-the-art LLM that is a proprietary close-source model. Therapeutic
counseling, however, often deals with sensitive and personal information, making it
important to consider using open-source models that can be operated on internal
hardware. Thus, we also incorporated Llama-2 [84] to our experiments, as it is a
well-known open-source model developed as a competitor of GPT-4. Moreover, [105]
showed that the extent to which the LLMs are open in practice fluctuates substan-
tially, from the lack of scientific documentation to transparency in data collection.
Therefore, we also experimented with BLOOM [85] as it remains one of the most open
LLMs?® and was developed by following open-science principles.

2.3.3 Prompting Strategies
We first utilized the following base prompt as the “task instruction” to guide the
LLMs to generate the MI reflection inspired by prior work [106,107]:

As a therapist of Motivational Interviewing, please generate the next ap-
propriate utterance based on the dialogue history. Restriction: you MUST
NEVER ask new questions.

Subsequently, we aimed to explore the effects of 1) the conversation context size
and 2) the inclusion of Ml strategies on the quality of generated reflections. We created
four different prompting strategies from the combinations of the following prompting
features™:
1-turn: the preceding1turn of dialogue is given as the conversation context.
5-turns: the preceding 5 turns of dialogue is given as the conversation context.

Full-MI: the MI strategies are incorporated as additional instructions. Specifically,
each utterance in the conversation is assigned a MISC code, with correspond-
ing definitions and examples provided. The LLMs are instructed to generate the
next utterance according to the specified MISC code of “Reflection”.

Partial-MI: the MI strategies are not incorporated within the prompt.

2.4 Evaluation Approaches

2.4.1 Automatic Evaluation

To objectively evaluate the effects of different prompting strategies on LLM-
generated MI reflections, we utilized well-established automatic evaluation metrics:

2Implementation details are given in Appendix 2.B.
3According to the Opening Up ChatGPT list on 31 May 2024 https://opening-up-chatgpt.github.io/.
4The prompt template is provided in the Appendix 2.F.
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text length, BERTScore, and BLEURT. The average length of generated text indicates
verbosity or conciseness, crucial in MI sessions where clarity and brevity are key.
BERTScore [108] uses BERT'’s contextual embeddings to evaluate the semantic simi-
larity between texts, providing a more nuanced assessment than ROUGE [99], which
relies solely on text overlap. BLEURT [109] combines traditional metrics with BERT's
embeddings and is trained on human ratings, making it well-suited for evaluating the
subtleties in LLM-generated Ml reflections. We calculated the metrics (i.e., BERTScore
and BLEURT) between each pair of generations produced from all six combinations
of four prompting strategies for each of the three LLMs (e.g. GPT-4 1-turn Partial-MI
vs GPT-4 5-turns Partial-MI). To focus human evaluation on diverse outputs, we
excluded conversation contexts® where the generations were highly similar based on
the average BLEURT and BERTScore.

Model 1-turn vs. 5-turns Full-Ml vs. Partial-Ml

Prompt BERTScore BLEURT Lengths BERTScore BLEURT Lengths
BLOOM 0.89 0.49 15vs. 15 0.88 0.48 15vs. 15
Llama-2 0.89 0.53 24 vs. 22 0.89 0.50 20 vs. 26
GPT-4 0.89 0.54 30vs. 30 0.88 0.48 22 vs. 39

Table 2.2: The average BERTScore, BLEURT score, and text lengths for the MI reflections generated by the
three selected LLMs. Comparisons are made between two prompting strategies per model. The average length
of corresponding human reflections is 22 words.

2.4.2 Human Evaluation

Experimental Design

We recruited 184 participants through the Prolific crowd-sourcing platform, re-
quiring fluency in English and being over 18 years old. These participants, residing in
25 different countries, were equally divided between men and women, with an aver-
age age of 31. Each participant evaluated reflections for both independent and ranking
evaluations across 3 randomly assigned conversation contexts. Eventually, each con-
text was evaluated by at least 3 different participants. We presented conversation con-
texts with 5 turns to the participants. [110] demonstrated that non-experts can evalu-
ate Ml reflections as effectively as MI experts. Following their findings, we recruited
non-experts for our study to examine their perception of the generated reflections.
We employed a Balanced Latin Square counterbalance measure to systematically re-
arrange the model positions at each context, to prevent potential order effects that
could arise from presenting the models in fixed sequences [95].

>The sampling process is detailed in Appendix 2.A.
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Independent Evaluation

The first part of the human evaluation focused on independently evaluating the
quality of LLM-generated and human reflections, based on the provided conversation
contexts. Participants were given a single reflection at a time and asked to evaluate
it based on the following four distinct criteria at once. Appropriateness measures
whether the reflection would be (emotionally and morally) appropriate if it is actually
uttered to a client after the given conversation. Specificity is to understand whether
the reflection contains elements from the client’ s previous response. Naturalness
assesses whether the reflection sounds like it could have been uttered by a person.
Engagement to see whether the reflection could provide the opportunity for further
conversation and could increase the engagement.

The criteria were chosen by considering their relevance and importance to
therapeutic counseling and their common usage in the NLG field®. For instance, we
look into appropriateness because inappropriate reflections can hinder the clients’
progress towards their behavior change goals [67]. Similarly, clients’ engagement
during counseling shown to be closely linked to their therapeutic progress [112], and
striking a balance between specificity and genericness in reflections is crucial to keep
a conversation interesting [113]. Likewise, ensuring natural-sounding reflections is
as essential in order to maintain engagement and encourage ongoing interactions
during counseling.

At the start of the survey, the participants were given a brief description along
with mock-up examples of both positive and negative responses for each criterion’. A
7-point Likert scale gradually ranging from Strongly Disagree (-3) to Strongly Agree (3)
was implemented [114].

Ranking Evaluation

The second part of the human evaluation aimed to compare the overall quality of
generated and human reflections by directly ranking them. We utilized the RankME
approach [102], which eliminated the need for multiple pairwise comparisons by hav-
ing evaluators indicate the contrast between a pre-selected reference text and all tar-
get texts simultaneously through a process of magnitude estimation. In our study, we
selected human reflections as the reference text (scored as 100) and asked our partic-
ipants to assign a score to generated reflections given the human reflection and the
conversation context.

We utilized TrueSkill [115] to ascertain the overall ranking among the models with
theirvarious prompting strategies. TrueSkill computed a mean rating value as the def-

5The criteria were proposed and elaborated in a previous publication [111].
"The survey is provided in the supplementary materials.
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inite score for each combination by comparing them pairwise, where the higher-rated
ones were considered the winners over the lower-rated ones. Following the original
work, we set the initial rating to 25.

2.5 Results

2.5.1 Automatic Evaluation

Table 2.2 illustrates the results from the automatic evaluation. The automatic
evaluation of three LLMs across prompting strategies (“1-turn vs. 5-turn’ and “Full-
MI vs. Partial-MI”) employed BERTScore and BLEURT metrics alongside the average
length of generated utterances. All LLMs consistently achieved an average BERTScore
of around 0.89, indicating high semantic similarity in all setups. BLEURT scores were
slightly varied, with Llama-2 and GPT-4 showing higher similarity in the generation
than BLOOM. In terms of generation length, GPT-4 generated notably longer texts in
the partial-MI setup compared to others, suggesting differences in handling extended
MI contexts. These results suggested modest differences among the LLMs in auto-
matic evaluation metrics.

2.5.2 Independent Human Evaluation
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Figure 2.1: Violin plots display the distribution of 7-point human evaluation scores for each model and prompting
strategy combination across each criterion, highlighting key statistics such as the median (white dashes) and
the interquartile range (thick black bars), while also visualizing the score density of the variables, with wider
sections representing higher density. Note that while our actual data falls within the range of (—3, 3), the
density estimations in the violin plots extend to (—4, 4) due to the calculation of a continuous probability.

Figure 2.1 visualizes the distribution of 7-point evaluation scores, ranging from
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—3 1o 3, for each model and prompting strategy across each criterion, where a wider
range on the graph indicates a larger score density. We observed that GPT-4 reflec-
tions received positive scores more frequently than negative ones, as evidenced by
the short and narrow tails in Figure 2.1. Meanwhile, the human reflections had more
balanced distributions across the criteria with the wider ranges being closer to zero
compared to GPT-4. Moreover, Llama-2 garnered similar score distributions as GPT-4,
except for the engagement criterion where Llama-2 1-turn partial-MI gathers higher
positive scores more frequently. Finally, Figure 2.1 also indicates that BLOOM reflec-
tions received scores that were distributed similarly to human reflections but with
more frequent negative scores, especially in specificity and engagement criteria, as
shown by the wider tails.

A one-way ANOVA revealed the significance of the effect for all four criteria (ap-
propriateness: F'(12,147) = 46.27, p < .001; specificity: F'(12,147) = 38.49,p <
.001; naturalness: F'(12,147) = 20.51,p < .001; engagement: F'(12,147) = 41.04,
p < .001). Tukey's HSD post-hoc test for multiple comparisons indicated the ratings
given to all variations of GPT-4 reflections are significantly higher (p < .05) than hu-
man reflections across all criteria®. Likewise, the variations of Llama-2 reflections
were significantly rated higher (p < .05) than the human reflections across all cri-
teria, except that the 1-turn full-MI variation showed insignificant results in appropri-
ateness and specificity. The difference between all variations of BLOOM reflections
and human reflections was insignificant across all criteria. The results so far provided
insights to answer RQ1.

Dimension 5-turns 1-turn Full-MI Partial-Ml

Appropriateness | = 0.94,0 = 1.31|px =0.79,0 = 1.37 | = 0.79,0 = 1.28 |4 = 0.93,0 = 1.39
Specificity pnw=0.73,0 =146 = 0.66,0 =0.43|p =0.70,0 = 1.35|u = 0.69,0 = 1.54
Naturalness p=1110c=111|p=1.04,0 =1.16|pp =1.02,0 = 1.09|p = 1.13,0 = 1.17
Engagement pw=0.51,0=142|p=0.66,0 =1.40|pu =0.45,0 =1.29|p =0.72,0 = 1.51

Table 2.3: Means (1) and standard deviations (o) of each prompting feature calculated per criterion based on
the ratings provided by the evaluators for all models.

We performed multiple paired samples t-tests across the 4 criteria to compare
1) including 1-turn vs 5-turns in the prompt to answer RQ2, and 2) utilizing full-
MI vs partial-MI instructions to answer RQ3. In Table 2.3, we see that 5-turns
reflections were rated significantly more appropriate than 1-turn reflections
(t(11) 2.363,p
than full-MI reflections (£(11) = 2.263,p = .024). For the specificity criteria, there

was no significant difference between 5-turns and 1-turn (¢(11) = 0.965,p = .335),

= = .018), and partial-MI reflections were more appropriate

8Visualised in Appendix 2.C, Figure 2.C.1.
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or partial-MI and full-MI (£(11) = —0.146,p = .884). Partial-MI reflections were
rated as more natural than full-MI reflections (¢(11) = 2.204,p = .028) but the
difference in naturalness between 5-turns and 1-turn reflections was insignificant
(¢(11) = 1.191,p = .234). Finally, 5-turns reflections were rated as less engaging
than 1-turn reflections (£(11) = —2.313,p = .021), and partial-MI reflections were
found significantly more engaging than full-MI reflections (¢(11) = 4.205,p < .001).

2.5.3 Ranking Human Evaluation

We utilized TrueSkill to calculate a mean rating value (1) and standard deviation
(o) for each model and prompting strategy based on the rankings given by the human
evaluators. Figure 2.2 shows that only GPT-4 with 5-turns partial-MI (. = 29.60,0 =
0.90) reflections were ranked significantly higher than the human (u = 26.98,0 =
0.85) reflections, and GPT-4 with 1-turn partial-MI (1 = 26.72, 0 = 0.85) reflections
showed no significant difference with human reflections. Reflections generated by
other models and prompting strategies were ranked significantly lower than the hu-
man reflections.

Human

G4 5-turns Full-M|

G4 5-turns Partial-MI
GPT-4
G4 1-turn Full-MI

G4 1-turn Partial-M|

L2 5-turns Full-MI

L2 5-turns Partial-MI
LLAMA-2

L2 1-turn Full-MI

L2 1-turn Partial-MI

BL 5-turns Full-MI
BL 5-turns Partial-MI
BLOOM
BL 1-turn Full-MI

BL 1-turn Partial-MI

0 5 10 15 20 25 30

Figure 2.2: TrueSkill mean rating values (1) computed for each model and prompting strategy based on the
evaluators’ rankings. The error bars indicate the standard deviation (o).

When comparing the prompting strategies within the GPT-4 model, we observed
that 5-turns partial-MI ranks higher than 1-turn partial-MI, followed by 5-turns full-
MI, and then 1-turn full-MI (i = 19.38, o = 0.82), all significantly. Moreover, an iden-
tical outcome applied to the prompting strategies for Llama-2, except that there was
no significant difference observed between the 5-turns partial-MI (u = 24.80,0 =
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Client: Well, | know my drinking has increased a little since | got divorced and moved to [location], but |
don't think it's that much of a problem.

Therapist: It doesn't feel like a problem to you right now.

GPT-4 1-turn Partial-MI: It seems like you've gone through some significant life changes recently with your
divorce and move to [location], which might have impacted your drinking habits. acknowledging this is an
essential first step. just remember, it's not about labeling yourself as a problem drinker, it's more about
understanding the relationship you have with alcohol and how it might be affecting your life.

Llama-2 1-turn Partial-MI: Well, let’s take a closer look at this drinker’s pyramid. It's true that you're not at
the very top of the pyramid, but you're still in the harmful range. And it's interesting that you mention your
recent divorce and move to [location]. Can you tell me a little more about how your drinking has changed
since those events?

Llama-2 1-turn Full-MiI: It sounds like you're downplaying the significance of your drinking habits.

Table 2.4: An example context showing the client’s final utterance and select few reflections rated variously by
the evaluators. Full conversation context is provided in Appendix 2.G, Table 2.G.1.

0.82) and the 1-turn full-MI (u = 19.38,0 = 0.82). Changing the prompting strat-
egy displayed no significant difference for the ranking of the reflections generated by
BLOOM.

We observed that GPT-4 consistently ranks significantly higher than Llama-2
across all prompting strategies utilized. For instance, GPT-4 (1 = 24.73,0 = 0.83)
was ranked higher than Llama-2 (1 = 22.30, 0 = 0.81) when both were given 5-turns
full-MI in their prompts, as well as with all other prompting strategies. Each BLOOM
reflection was ranked significantly lower than the rest of the models.

A Kruskal-Wallis test confirmed the statistical significance of the variations in
rankings among the reflection types (H (12) = 624.304,p < .001).

2.6 Discussion

In this study, we sought to evaluate the quality of MI reflections generated by
three LLMs: GPT-4, Llama-2, and BLOOM, in comparison to human reflections. We ex-
plored the effects of utilizing different prompting features; shorter vs longer conver-
sation contexts and succinct vs detailed MI instructions. We conducted two separate
human evaluations, independent and ranking, and came to conclusions by analyzing
both outcomes.

The independent evaluation results demonstrated that prompting LLMs with
longer conversation contexts leads to generating more appropriate but less engaging
reflections. The ranking evaluation results also displayed a preference over the
reflections generated on longer contexts. This outcome suggested that LLMs benefit
from the additional information provided by longer contexts, allowing them to
generate more precisely worded outputs, which answer RQ2. For more engagement-
focused applications, shorter contexts, which focus on capturing the essence of the
conversation without overloading the LLMs, may be preferable.
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The results of our independent evaluation study showed that as more detailed MI
instructions are included in the prompts provided to the LLMs, appropriateness, natu-
ralness and engagement evaluation scores for the generated reflections significantly
decline. Likewise, the ranking evaluation results showed that prompts with detailed
MI instructions can have a negative impact on the perceived quality of the generated
reflections. This phenomenon can be attributed to the models’ tendency to produce
reflections that follow strict standards and miss the affective tone when provided with
excess instructions, thus answering our RQ3. Instead of providing specific instruc-
tions, it may be more beneficial to allow the LLMs to interpret open-ended prompts.
This aligned with the core spirit of motivational interviewing, which relies on empa-
thetic listening and client-centeredness.

The independent evaluation results indicated that LLMs can generate reflections
that are perceived as appropriate, specific, natural, and engaging at comparable lev-
els to human reflections. Overall the ranking evaluation results displayed a prefer-
ence for human reflections over most of LLM-generated ones. This could imply that
evaluators examine the reflections for qualities beyond our four criteria during the
ranking evaluation. Moreover, both independent and ranking evaluations suggested
that GPT-4 (5-turns Partial-MI) reflections seemingly outperform the human reflec-
tions, answering RQ1. However, these results illustrated the expectations and percep-
tions of the non-expert evaluators, without examining the professional standards of
MI. Moreover, AnnoMI dataset consists of in-person counseling during which body
language, facial expressions, and gazing may be part of the communication more than
the uttered reflections. Human therapists can potentially tailor their reflections to-
wards their clients, resulting in high variation in their styles and perceptions, which
may explain the diversity of human reflection scores in independent evaluation.

Concerning these results, content analysis revealed that more formulaic and
elaborate reflections may be judged as more appropriate. In the context in Table
24, the client admits their drinking increased due to recent stressful events, but it
is not yet at a level that could cause serious health problems. The human reflection
on this was found not appropriate (1 = —2.6) by all three evaluators. For the same
context, GPT-4 (1-turn Partial-MI) generated a more complex and elaborate reflection
which was rated with the highest level of appropriateness (1 = 3). Llama-2 (1-turn
Partial-MI) generated a reflection similar to GPT-4 reflection in structure and style,
and was evaluated as appropriate (u = 3). However, LLMs also contain the risk of
generating more confrontational reflections despite the instructions to follow MI
approaches. For example, for the same context, Llama-2 (1-turn Full-MI) generated a
reflection missing the empathetic tone and sensitivity required in MI.
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Client: | mean, | don’t think | would be, you know, drinking as much or going to parties as much if I'm
studying for school, or in college, or trying to get in law school and things like that.

Therapist: Okay, so, the alcohol is something that might make it harder to reach your goals?

G4 5-turns Partial-Ml: | really admire your commitment towards your future goals and your understanding
about how certain behaviors could distract from those goals. you seem to have a really clear vision for
your future which is truly inspiring.

G4 1-turn Full-MI: So, in your view, pursuing education and focusing on your career would naturally steer
you away from heavy drinking and partying. it’s like you see these goals as your pathway to change.

Table 2.5: An example context showing potential subtle nuances lacking in generated reflections. Full conver-
sation context is provided in Appendix 2.G, Table 2.G.2.

Further content analysis showed that generated reflections may lack subtle nu-
ances found in human reflections. For instance, in the context in Table 2.5, the client
indicated that focusing towards a future goal may reduce drinking. The human reflec-
tion urged the client to consider the impact of drinking on reaching future goals. Al-
though GPT-4 (5-turns Partial-MI) reflection appeared to aim for the same outcome
as human reflection, it assumed the client already acknowledges that drinking pre-
vents reaching future goals and praises this sentiment, thus hindering further self-
reflection. For the same context, GPT-4 (1-turn Full-MI) generated a reflection that
aligns with client’s statement but overlooked the chance of self-reflection on the cur-
rent drinking habits.

These findings highlighted that LLMs are capable of generating reflections that
fulfill the expectations of non-expert human judges. The utilization of LLMs could ben-
efit various applications, such as enriching Ml reflection sets for hybrid response gen-
eration in chatbots [116]. However, they were not substitutes for trained therapists in
MI or other sensitive areas, and should be used with caution, particularly when emo-
tional safety and nuanced understanding are crucial.

2.7 Limitations

The chosen criteria (appropriateness, specificity, naturalness, and engagement)
may not capture all necessary dimensions of effective reflections in MI. For instance,
the empathy level and therapeutic impact of the reflections could also be important
evaluation factors, which should be examined in further research. Despite efforts to
standardize human evaluations by providing examples and definitions, human eval-
uators may have differing interpretations of these criteria, leading to inconsistencies
in scoring. Moreover, we recruited many individuals from various countries, who may
not be native English speakers, which could have influenced our evaluation. Likewise,
the human evaluations were conducted on a sampled subset of AnnoMI data, which
may have influenced our results.
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Our study was only focused on generating reflections for provided scenarios.
Whether LLMs can conduct complete therapy sessions is not investigated within the
scope of this study. While we acknowledge the potential advantages of employing
chatbots in therapy, we only view this application as feasible in certain circumstances,
such as acting as a support tool or serving as a training resource. When inspecting
the results of this study, the readers should refrain from assuming that the LLMs
possess the capability to substitute human therapists or conduct virtual therapy
sessions autonomously.

2.8 Conclusion

We evaluated the capability of three LLMs to generate reflective responses
in MI and examined how conversation context size and inclusion of detailed MI
instructions in prompts affect their performance. A series of human evaluations
showed that LLMs produce reflections with qualities comparable to those of hu-
man therapists. Content analysis further revealed that the LLMs contain the risk
of generating reflections that lack emotional depth and nuance required for MI
conversations. Additionally, we found that the size of the conversation context and
adding detailed MI instructions to prompts impact different evaluation criteria in
various ways. This study offers a comprehensive evaluation for MI reflections and
highlights the challenges and opportunities of using LLMs in sensitive domains like
therapeutic counseling. Future research should involve MI experts as evaluators,
incorporate additional metrics like empathy and therapeutic alliance, and explore
other strategies for embedding MI principles into LLMs to expand our understanding
of the capabilities of LLMs in MI contexts.

Ethical Review

Before conducting our experiment, our institution’s ethics board reviewed and
identified our study being in accordance with ethical standards®. The individuals who
participated in our study have been provided with prior information regarding the
task, research objectives, workload, compensation, our privacy protocols, and our in-
tended utilization of the collected data in research. If participants did not provide con-
sent, they were automatically restricted from reaching the survey. No personally iden-
tifiable information was retained after the study concluded. The participants were
compensated with £7 per hour.
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Chapter appendix

2.A Conversation Context Sampling

Due to the significant costs usually involved, utilizing the complete set of conver-
sation contexts during human evaluation was not possible. Instead of a randomized
selection on the full set, we chose to implement an informed sampling process in an
attempt to increase the efficiency of the human evaluations. First, to focus human
evaluation on diverse outputs, we exclude conversation contexts where the genera-
tions are highly similar. Specifically, we filter out contexts where, for atleast two LLMs,
more than three out of six generation pairs have similarity scores higher than the av-
erage BERTScore (0.88) and BLEURT score (0.48), indicated in Table 2.2 in Section 2.4.1.
This filtering ensures that human evaluators assess generations that are sufficiently
different. Further, contexts where discarded if at least 3 of their generated reflections
were shorter than 4 words or longer than 80, to make room for contexts with more
meaningful content in their generated reflections. Finally, we have manually filtered
the conversation contexts based on the content of the 5 turns conversation contexts,
such as human therapist reflection, following the set of rules below:

The final therapist reflection is too short, too vague, or a small confirmation (e.g.
“Tunderstand”).

The final therapist reflection is bisected, where the rest is shifted to the previous
or next conversation context. Because the original dialogues were in-person
speeches, the therapist utterances may be halved when the client backchannels
while the therapist speaks.

The client islistening and backchanneling more than contributing to the conver-
sation while the therapist summarizes the session.

The final therapist reflection focuses on information given by the client outside
of the 5 turns we are utilizing. Hence, the conversation contexts given to the
LLMs do not contain this information. This often occurs when the therapist is
starting to summarize the session in the form of a reflection.

+ Morethan one generated reflections meaninglessly repeat a therapist utterance
from the conversation context and are longer than three words.
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2.B Implementation Details of Generations with LLMs

We utilized the June 2023 edition of GPT-4, coded as gpt-4-0613, chat version of
Llama-2with 70B parameters, coded as Llama-2-70B-chat-hf,and 176B parameter
version of BLOOM, namely bloom-176b . We used openai Python library to generate
with GPT-4, and requests library to send requests to the HuggingFace API to gener-
ate with Llama-2 and BLOOM models. We opted for default hyperparameters, includ-
ing the temperature as default 1to control the randomness of generation. The models
were used in compliance with their respective licenses and terms at the time of the
study. OpenAl provides a Terms of Use. Llama-2 is licensed by META. And BLOOM is
authorized under BigScience RAIL License v1.0.

°https://platform.openai.com/docs/models/gpt-4
https://huggingface.co/meta-1lama/Llama-2-70b-chat-hf
°https://huggingface.co/bigscience/BLOOM
°https://api-inference.huggingface.co
°https://openai.com/policies/terms-of-use
°https://ai.meta.com/1lama/license/
°https://huggingface.co/spaces/bigscience/license
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2.C Tukey's HSD Post-hoc Test Results Visualized

2.D Paired Samples T-tests of Prompting Strategies

Dimension

5-turns vs 1-turn

Partial-Ml vs Full-MI

Appropriateness
Specificity
Naturalness
Engagement

t =2.363,p = .018, (xp < .05)

t =0.965,p = .335, (p > .05)

t=1.191,p = .234, (p > .05)
t = —2.313,p = .021, (xp < .05)

¢ =2.263,p = .024, (+p < .05)
t = —0.146, p = 0.884, (p > .05)
t =2.204,p = .028, (xp < .05)
t = 4.205,p = .000, (xp < .05)

Appropriateness Specificity
LLAMA-2 5-turns Partial-MI 4 —_— —_—
LLAMA-2 5-turns Full-MI - —_— —_—
LLAMA-2 1-turn Partial-MI —_— —_——
LLAMA-2 1-turn Full-MI 4 — ——
Human 4 _— —_—
GPT-4 5-turns Partial-MI - —_— —_—
GPT-4 5-turns Full-MI —_— —_—
GPT-4 1-turn Partial-MI 4 —_— —_——
GPT-4 1-turn Full-MI 4 —_— —_——
BLOOM 5-turns Partial-MI 4 - —_——
BLOOM 5-turns Full-MI 4 —_— —_——
BLOOM 1-turn Partial-MI 4 —_— —_——
BLOOM 1-turn Full-MI 4 ——— ——
Ts o0 o5 10 15 20 s oo o5 1o 15
Naturalness Engagement
LLAMA-2 5-turns Partial-MI - —_— —_—
LLAMA-2 5-turns Full-MI - —_—— —_—
LLAMA-2 1-turn Partial-MI 4 —_— —_—
LLAMA-2 1-turn Full-MI q —_— —_——
Human 4 _—— —_—
GPT-4 5-turns Partial-MI - —_— —_—
GPT-4 5-turns Full-MI 4 —_—— —_—
GPT-4 1-turn Partial-MI 4 —_— —_——
GPT-4 1-turn Full-MI 4 —_— —_—
BLOOM 5-turns Partial-MI 4 —_—— —_—
BLOOM 5-turns Full-MI 4 —_— —_—
BLOOM 1-turn Partial-MI 4 —_—— —_—
BLOOM 1-turn Full-MI 4 —_— —_——
0.‘2 0.‘4 016 O.‘S 1.‘0 1.‘2 1.‘4 1.‘6 1.‘8 7(‘).5 0‘.0 0‘.5 1.‘0 1.‘5 2.‘0

Figure 2.C.1: The mean scores for each model were calculated using Tukey’s HSD test. Dashed lines mark
the boundaries of the human reflections’ results (blue bars). Bars that exceed these lines show a significant
difference (red bars) while overlapping (gray) bars suggest no significant difference from the human utterances.
The significance level was set to 0.05 for this visualization.

Table 2.D.1: Multiple paired samples t-tests calculated across the 4 criteria to measure the effects of changing
the conversation context size and amount of details provided about motivational interviewing.
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2.E Correlation between the Independent Evaluation Criteria

We calculated Pearson correlation coefficients to explore the linear relationships
between each pair of the four criteria. All combinations showed a positive correlation;
appropriateness vs specificity (r(158) = 0.72, p < .001), appropriateness vs natural-
ness (r(158) = 0.64,p < .001), appropriateness vs engagement (r(158) = 0.70,p <
.001), specificity vs naturalness (r(158) = 0.55, p < .001), specificity vs engagement
(r(158) = 0.69, p < .001), naturalness vs engagement (r(158) = 0.62,p < .001). The
correlation is visualized in Figure 6.3.
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Figure 2.E.1: Scatter plots show Pearson’ s correlation (r) between all pairs of the four human evaluation criteria:
appropriateness, specificity, naturalness, and engagement. Red lines indicate linear trends. All correlations are
positive and significant (p < .001), with the highest between appropriateness and specificity and the lowest
between specificity and naturalness.
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2.F Prompt Template

Prompt Components Content
Conversation context [The context of the conversation]
Conversation context (1-turn or 5-turn):

Therapist: Yes, those were not really your moments, they were not really
your smoking moments, that was a bit literally and figuratively, especially at
the end of the day. [...]
Client: Yes.
Therapist: Yes, okay, so you say | am actually satisfied with the current state
of affairs and ...
Client: Yes |, | already said that, | like that with losing weight, | have a
striving that | am between 85 and 90, that | still want to throw smoking out
all the way, it is better anyway And cheaper.

Next MISC strategy (only [The next MISC strategy for the therapist]

for Full-MI setting) The next MISC strategy is:
“Reflection”

MISC manual (only for [The descriptions of MISC strategy]

Full-Ml setting) The definition of the MISC strategy:

'reflection’: reflection is a statement made by the therapist that captures
and mirrors back the essence of what the client has said or expressed. [...]

‘question’: question is made by the therapist to gain more clarity or to
explore the client’s perspective, feelings, thoughts, or experiences. [...]

"therapist_input’: therapist_input is any other therapist utterance that is not
codable as 'question’ or 'reflection’. [...]

MISC examples (only for [Two examples for each MISC code]

Full-Ml setting) Example dialogues of each MISC code:

'reflection’: Example 1:

Client: 'I'm scared of the consequences if | don’t stop smoking.

Therapist: 'You're expressing fear about the potential effects of continued
smoking. [...]

‘question’: Example 1:
Client: 'l think | need to stop smoking.
Therapist: 'Have you tried quitting before?’ [...]
Task instruction [The base instructions to explain the generation task]
Task:
As a therapist of Motivational Interviewing, please generate the next
appropriate utterance based on the conversation context. Restriction: you
MUST NEVER ask new questions.
The next therapist’s utterance is:

Table 2.F.1: The complete prompt template for Ml reflection generation. The components involving MISC were
added to the prompt only for the Full-MI prompt setting.
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2.G Complete Contexts of Conversation Examples

Conversation Context

Therapist: Okay. Okay.

Client: Over a long- over a period of time.

Therapist: Mm-hmm. Okay. So let me just show you on this, um, card here, um, from a medical perspective, we
know that there’s good evidence that shows that women you're age who drink more than, um, three drinks on
any one occasion at any- at any sitting or more than seven in a week, are likely to run into health problems from
their drinking, either problems they're having right now or maybe in the future.

Client: Are you serious?

Therapist: Yeah. Surprised, ain’t you?

Client: Seven drinks in a week doesn’t seem like that much?

Therapist: It sounds like you're drinking a bit more than that right now.

Client: Yeah, and I-I didn't think it was much, but that makes it look like I'm drinking way too much.

Therapist: Mm-hmm. From this, uh, drinker’s pyramid over on this side of the card, you can see that the-the
score on your screening sheet shows that you're up in the harmful category of drinkers. So that it’s likely you're
drinking, you know, in quantities probably more than about 90% of the folks who come in to see me here at the
clinic.

Client: Well, | know my drinking has increased a little since | got divorced and moved to [location], but I-I don't
think it's that much of a problem.

Reflections

Therapist: It doesn'’t feel like a problem to you right now, yeah.

BLOOM 1-turn Full-MI: So, you know, you think that your drinking has increased a little since you got divorced
and moved to [location], but you don't think it's that much of a problem.

BLOOM 1-turn Partial-MI: Well, | think, you know, it's important to look at the numbers. And, you know, | think,
you know, the numbers are pretty clear that, you know, you are drinking more than you probably should be.
BLOOM 5-turns Full-MiI: It sounds like you're concerned about your drinking habits at weekends.

BLOOM 5-turns Partial-MI: Well, | think that, um, you know, you might be right.

GPT-4 1-turn Full-ML: It appears that you're acknowledging your increased drinking, although you're not quite
seeing it as a significant issue yet.

GPT-4 1-turn Partial-MI: | understand. it seems like you've gone through some significant life changes recently
with your divorce and move to [location], which might have impacted your drinking habits. acknowledging this
is an essential first step. just remember, it's not about labeling yourself as a problem drinker, it's more about
understanding the relationship you have with alcohol and how it might be affecting your life.

GPT-4 5-turns Full-MI: So you believe your drinking isn’t a big issue despite it has increased a bit since your
divorce and move.

GPT-4 5-turns Partial-MiI: It sounds like you have been through a lot with the divorce and moving to a new city.
it's completely normal to try and cope with these life changes. acknowledging this is already a big step in the
right direction. this doesn’t mean your drinking is necessarily a problem, but it's worth keeping an eye on to
ensure it doesn’t lead to potential health issues.

Llama-2 1-turn Full-Ml: It sounds like you're downplaying the significance of your drinking habits.

Llama-2 1-turn Partial-Ml: | see. Well, let’s take a closer look at this drinker’s pyramid. It's true that you're not
at the very top of the pyramid, but you're still in the harmful range. And it's interesting that you mention your
recent divorce and move to [location]. Can you tell me a little more about how your drinking has changed since
those events?

Llama-2 5-turns Full-MI: It sounds like you're acknowledging that your drinking has increased, but you're not
sure it's a problem.

Llama-2 5-turns Partial-MI: Mm-hmm. It sounds like you're not sure if your drinking is a problem or not.

Table 2.G.1: The full conversation context of the example given in Table 2.4 which is discussed in Section 2.6.
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Conversation Context

Therapist: Okay.

Client: So-

Therapist: Got it.

Client: -it ties in with the whole belonging thing.

Therapist: Okay. Well, when you think about your drinking and, sort of, looking forward in 5 years or 10 years,
how do you think that drinking might fit in with your life?

Client: Um, it probably will have a very small role, if any-

Therapist: Mm-hmm.

Client: -in my life, considering | have big plans for my future. So.

Therapist: Okay. Can you expand on that a little bit more? What do you mean?

Client: | mean, | don't think | would be, you know, drinking as much or going to parties as much if I'm studying
for school, or in college, or trying to get in law school and things like that.

Reflections

Therapist: Okay, so, the-the alcohol is something that might make it harder to reach your goals?

BL 1-turn Full-Ml: Sounds like you're concerned about your drinking habits at weekends. And you also seem to
be concerned about the consequences of your drinking if you don’t stop.

BL 1-turn Partial-MI: Okay. So, you think that if you were in college, you would be less likely to drink?

BL 5-turns Full-MI: So, you think that drinking might be a problem for you in the future, but you don't think it's
a problem now.

BL 5-turns Partial-MI: Okay. So, you think that drinking would be less important in your life if you were doing
other things.

G4 1-turn Full-MI: So, in your view, pursuing education and focusing on your career would naturally steer you
away from heavy drinking and partying. it’s like you see these goals as your pathway to change.

G4 1-turn Partial-MI: It sounds like you're acknowledging that your current behaviors could be a hindrance to
achieving your academic goals. recognizing this is a crucial step towards making changes. you seem to have a
good understanding of the relationship between your actions and the outcomes you desire.

G4 5-turns Full-MI: So you're envisioning a future where your priorities have shifted more towards your studies
and career goals, leaving less room for drinking and partying.

G4 5-turns Partial-MI: | really admire your commitment towards your future goals and your understanding about
how certain behaviors could distract from those goals. you seem to have a really clear vision for your future
which is truly inspiring.

L2 1-turn Full-MLI: It sounds like you're suggesting that your drinking and partying behavior may be linked to your
current academic and career goals, and that pursuing those goals might lead to a reduction in that behavior. Is
that right?

L2 1-turn Partial-MI: So, it sounds like you're saying that your substance use and party lifestyle are a way of
coping with the stress and pressure of school and your future plans. Is that right?

L2 5-turns Full-MI: It sounds like you're envisioning a future where your priorities shift, with less time for partying
and more focus on your academic and professional pursuits. Is that right?

L2 5-turns Partial-MlI: Okay. So it sounds like you're thinking about how your drinking might impact your future
goals and plans. That'’s a really important thing to consider. Can you tell me more about what you hope to
achieve in the next 5 or 10 years? What are some of those big plans that you have?

Table 2.G.2: The full conversation context of the example given in Table 2.5 which is discussed in Section 2.6.
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2.H TrueSkill Values

Model Turns Mi Mean (u) | S.D. (o)
Human n.a. n.a. 26.98 0.85
GPT-4 5-turns Full-MlI 24.73 0.83
GPT-4 5-turns | Partial-Ml 29.60 0.90
GPT-4 1-turn Full-MlI 21.22 0.81
GPT-4 1-turn Partial-MlI 26.72 0.85
Llama-2 5-turns Full-MI 22.30 0.81
Llama-2 5-turns | Partial-MI 24.80 0.82
Llama-2 1-turn Full-MI 19.38 0.82
Llama-2 1-turn Partial-MlI 24.34 0.82
BLOOM | 5-turns Full-MlI 15.68 0.86
BLOOM | 5-turns | Partial-Ml 16.74 0.85
BLOOM 1-turn Full-MlI 16.18 0.85
BLOOM 1-turn Partial-MlI 16.89 0.86

Table 2.H.1: TrueSkill mean rating values (1) and standard deviations (o) for each model, conversation context
size, and Ml strategy combination.
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Abstract

Behavioral coding (BC) in motivational interviewing (MI) holds great potential for
enhancing the efficacy of MI counseling. However, manual coding is labor-intensive,
and automation efforts are hindered by the lack of data due to the privacy of psy-
chotherapy. To address these challenges, we introduced BiMISC, a bilingual dataset
of MI conversations in English and Dutch, sourced from real counseling sessions.
Expert annotations in BiMISC adhere strictly to the motivational interviewing skills
code (MISC) scheme, offering a pivotal resource for MI research. Additionally, we
presented a novel approach to elicit the MISC expertise from Large language models
(LLMs) for MI coding. Through the in-depth analysis of BiMISC and the evaluation of
our proposed approach, we demonstrated that the LLM-based approach yields re-
sults closely aligned with expert annotations and maintains consistent performance
across different languages. Our contributions not only furnish the MI community
with a valuable bilingual dataset but also spotlight the potential of LLMs in MI coding,
laying the foundation for future Ml research.
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3.1 Introduction

Motivational Interviewing (MI) is an essential, directive, client-centered counsel-
ing technique, that aims to elicit clients’ behavioral change [117]. It can boost intrinsic
motivation and collaboration between therapists and clients by effectively address-
ing ambivalence and enhancing self-efficacy [118], improving clients’ adherence to
the therapists’ interventions [19]. Without the use of MI, traditional techniques can
potentially cause resistance and disengagement from clients due to their confronta-
tional, paternalistic ways of thinking [117].

Behavioral coding (BC) is the practice of systematically observing and categoriz-
ing the behaviors of therapists and clients [117-119]. Output codes can provide valu-
able insights for professional practitioners (e.g., therapists and counselors), regarding
behavioral patterns and their connections to therapeutic outcomes.

However, conducting behavioral coding in MI is challenging, as it relies on do-
main expertise [120,121] and large-scale datasets with human annotations [122-124].
Recent research has demonstrated the effectiveness of natural language processing
(NLP) approaches in supporting behavioral coding. Early efforts primarily utilized
statistical models such as N-grams [125] and Conditional Random Fields (CRFs) [126].
More recent work has shifted towards deep learning methods, including Recurrent
Neural Networks (RNNSs) [119, 127], Convolutional Neural Networks (CNNs) [128], and
Bidirectional Gated Recurrent Units (BiGRUs) with attention mechanism [122].

Annotation
Client Utterance

BiMISC  AnnoMI

| was helped. FN
But | just have to keep it up
because | still have to use R+ NT

medicines for a month and a half.

Table 3.1: An example of annotation of a client utterance in the BiMISC and AnnoMI datasets. BiMISC uses
more fine-grained codes, e.g., FN (Follow Neutral), R+ (Reflection Listening), ASK (Asking Question), whereas
AnnoMI uses broader labels such as NT (Neutral Talk). Besides, the use of multiple codes in BiMISC allows for
a multi-perspective and in-depth understanding of the client’ s intentions. These are non-trivial insights for
therapists conducting Ml treatment in psychotherapy.

These aforementioned approaches require large-scale high-quality data and
computing resources. An even greater challenge is that the majority of MI resources
are not publicly accessible, primarily due to privacy concerns. For example, [129]
introduces a dataset with 277 conversations covering 10 MI codes, however, the
dataset is no longer accessible. To the best of our knowledge, there are only two
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publicly available datasets, namely, AnnoMI [130] and motivational interviewing
treatment integrity (MITI) [131]. However, there are still challenges: (1) they do not
consist of conversations from real MI counseling sessions; (2) AnnoMI comprises
only six coarse-grained MISC codes, while MITI solely includes codes for therapist
behaviors and lacks codes for the client’s actions; (3) They assign only one code to
each utterance, which may not fully capture the complex intentions behind it.

In this work, we introduced BiMISC, a bilingual dataset of client and therapist
utterances in English and Dutch, annotated with behavioral codes following MISC
scheme: (1) BiMISC consists of conversations collected from real MI counseling
sessions in psychotherapy; (2) BIMISC comes with fine-grained behavioral codes
strictly grounded on the MISC scheme; (3) BiMISC features multiple codes instead of
a single code for each utterance.

Large language models (LLMs) have been proven to be effective in both providing
accurate responses in open-domain [132] and eliciting expertise in various domain-
specific applications, e.g., medical treatment [133], legal judgment analysis [134] and
qualitative data analysis [135-137]. In this work, we aimed to explore the potential of
utilizing the MISC scheme with LLMs to directly generate MISC codes that closely align
with expert annotations. Specifically, we leveraged MISC codes and their definitions
in the MISC manual to elicit expertise from an LLM for MI coding. We first designed a
prompt template, including task instruction, MISC manual, MISC examples, and his-
torical conversations. Next, we randomly selected approximately 3% of the data to
serve as test samples for conducting trial experiments on MISC coding. We contin-
uously refined the prompt manually until the output codes are in alignment with hu-
man annotations. Last, we conducted experiments and evaluations on the full dataset.

Our contributions can be summarized as follows:

» We collected and released BiMISC, the first bilingual MI dataset in both English and
Dutch with expert-annotated MISC codes;

« We proposed a MISC coding approach by eliciting MISC expertise from LLM;

« We conducted extensive experiments and analysis of the proposed approach,
demonstrating its effectiveness in MI behavioral coding.

3.2 Related Work

3.2.1 Motivational Interviewing

Motivational Interviewing (MI) [117] is a counseling technique aimed at boosting
anindividual's motivation to make behavioral changes. It addresses doubts or ambiva-
lence about change and strengthens a person’s belief in their ability to make positive
changes [118]. By fostering a supportive environment, MI helps individuals find their
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ownreasons to change and has shown success in areas like health promotion and sub-
stance abuse [19].

In Motivational Interviewing (MI), behavioral coding (BC) is important, serving
as a means to observe and categorize behaviors demonstrated by therapists and
clients during MI counseling sessions [117,119]. This systematic categorization pro-
vides therapists with insightful perspectives and facilitates steering of therapeutic
interventions more efficiently. Behavioral coding (BC) hinges on a defined scheme
consisting of predetermined codes, each associated with specific MI-associated
behaviors [118,120]. Once established, these codes can be systematically assigned to
the transcripts of MI counselings. Behavioral coding (BC) empowers researchers to
discern MI behavioral patterns and link them with therapeutic outcomes, deepening
our understanding of the MI intervention process.

To this end, the MIresearch community has developed validated coding schemes
for behavioral coding in MI. Notable among these are Motivational Interviewing Skills
Code (MISC) [103,120] and Motivational Interviewing Treatment Integrity (MITI) [138].
A key difference between MISC and the MITI is their focus: while MISC offers behav-
ioral codes for both therapists and clients, MITI predominantly concentrates on ther-
apist behaviors. These comprehensive coding schemes assess MI-specific behaviors
manifested in therapist-client interactions, such as the use of questions and reflec-
tions. They have been widely employed in MI research for various purposes, includ-
ing assessing therapist adherence, measuring the effectiveness of MI training, and
examining the relationship between specific MI behaviors and therapeutic outcomes.
In our research, we opted for the MISC coding scheme [103] to annotate behaviors of
both therapist and client.

3.2.2 Ml datasets

Resources for MI are limited due to the sensitive nature of the topics discussed
in counseling and psychotherapy. For instance, psychotherapy transcripts from plat-
formslike Alexander Street [139] are not publicly accessible because of privacy. While
annotated MI datasets exist, such as the collection of MI conversational recordings
by [129], these data are not publicly accessible. To the best of our knowledge, there
are two publicly available MI datasets. The first one is AnnoMI [130], a dataset com-
piled from automatic transcriptions of MI recordings from video-sharing platforms.
This dataset is annotated with MI codes based on a self-constructed coding scheme
(which is a subset/regroup of MISC). The second one MI dataset [131] comprises dia-
logues from social forums. These dialogues are annotated based on the MITI [138] cod-
ing scheme by crowdsourcing annotators. In this work, we introduced BiMISC, which
is a bilingual dataset available in both English and Dutch. BiMISC comprises conver-
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sations sourced directly from actual MI counseling sessions in psychotherapy. And
BiMISC was annotated strictly grounded on the MISC scheme [103] by MI experts.

3.2.3 Ml coding approaches

The field of MI has benefited significantly from established coding schemes like
MISC. However, the manual coding process associated with these schemes is labor-
intensive, necessitating specialized training and expertise [120,121]. This has resulted
in a growing demand for efficient methods, paving the way for the development of
automatic MI coding approaches. Initial approaches in this direction lean on statisti-
cal models, with prior work exploring the utility of N-grams [125], topic models [121],
and CRFs [126] for MI coding. With advancements in computational power, the focus
has shifted towards deep learning models. Recent work has studied the applications
of RNNs [119, 127], CNNs [128], and BiGRUs with attention mechanisms [122]. While
these models show promise, they also bring their own challenges, especially the need
for substantial data. A primary barrier to the wider adoption of automatic MI coding
is the limited access to MI resources, due to privacy concerns within psychotherapy.

Most recently, large language models (LLMs) have demonstrated effectiveness in
providing accurate open-domain responses [132] and in showcasing expertise across
various domain-specific applications, such as medical treatment [133,140], legal judg-
ment analysis [134], and qualitative data analysis [136,137,141], especially in zero-shot
scenarios [142,143]. Given their capabilities, LLM offers potential for MI coding, which
could alleviate the need for extensive training data required by previous research [119,
122,127,128]. Therefore, we explored the feasibility of eliciting domain expertise of the
MISC scheme from LLMs for efficient MISC coding.

3.3 Dataset Creation

o — B - B

Collect raw Dutch MI Data Processing and Translate Dutch to English MI experts annotation BiMISC dataset
conversations Anonymisation based on MISC

Figure 3.1: Process of the construction of the bilingual dataset: BiMISC.

In this section, we outline the creation of the BiMISC dataset as shown in Fig-
ure 3.1. First, we collected raw conversations between therapists and clients from
MI counseling sessions (§ 3.3.1). Second, we introduced the MISC scheme for human
annotation (§ 3.3.2). Last, we reported the statistics of the proposed BiMISC dataset
(§3.3.3).
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Therapist Code

Description (abbreviated version)

Example

Open question
(0cQ
Closed question

Q)

Asking questions for a wide range of answers.

Asking questions for concise answers: “Yes” or
“no”, a number.

Can you tell me more about your
drinking habits?
Did you use heroin this week?

Simple reflection
(SR)

Complex reflection
(CR)

Conveying shallow understanding without
additional information.

Conveying deep understanding with additional
information.

Youdon' twant to do that.

That' s where you drew the line.

Advice (ADV)
Affirm (AFF)
Direct (DIR)
Emphasize control
(EC)

Facilitate (FA)
Filler (FIL)

Giving information
(@G

Support (SP)
Structure (STR)

Warn (WAR)

Permission seeking

Providing suggestions or recommendations.

Conveying positive or complimentary information.
Offering an imperative order, command, or
direction.

Emphasizing client’s freedom of choice.

Encouraging the client to keep sharing.
Fitlering utterances are not related to behavior
change.

Offering relevant information, explanations, or
feedback.

Offering encouragement and reassurance

Offering a treatment process during the client’s
journey.
Offering a warning or negative consequences.

Consider starting with small,
manageable changes like taking a
short walk daily.

You did well by seeking help.
You' ve got to stop drinking.

It's up to you to decide whether to
drink.

Tell me more about that.

Good Morning!

There are several treatment options
available for managing stress.

I'm here to support you through your
recovery journey.

First, let’s discuss your drinking, and
then we can explore other issues.
You could go blind if you don’ t
manage your blood sugar levels.

Asking for consent before providing information or May | suggest a few stress

(PS) advice. management techniques?

Opinion (OP) Expressing a viewpoint or judgment In my opinion, addressing your stress
can help reduce your drinking.

Client Code Description Example

Follow/Neutral No indication of client inclination toward or away Yeah.

(FN)
Ask (ASK)

from change.

Asking for clarification or information.

What treatment options are
available?

Commitment
(CM+/CM-)

Taking step
(TS+/TS-)

Reason (R+/R-)

Other (O+/0-)

An agreement, intention, or obligation regarding
future change.

Concrete steps the client has recently taken to
make a change.

Rationale, basis, justification, or motive to make a
change.

Other statements clearly reflect intention of
change.

I will try to reduce my drinking.

| threw away all of my cigarettes.

It would be so good for my kids.

My family doesn’ t believe | can quit.

Table 3.2: MISC codes in the BiMISC dataset. The symbols "+” and "-" represent the client’s desire to change (+)
or not change (-) their behaviors with CM, TS, R or O intention.
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Role AnnoMI Codes BiMISC Codes
Therapist Question (QS) 0Q,CQ
Reflection (RF) SR, CR

ADV, AFF, DIR, EC, FA, FIL,

Therapist Input (T Gl, SP, STR, WAR, PS, OP

Client Neutral Talk (NT) FN, ASK
Change Talk (CT) CM+, TS+, R+, O+
Sustain Talk (ST) CM-, TS-, R-, O-

Table 3.3: Mapping relationship between the codes in BiMISC (fine-grained) and AnnoMI (coarse-grained).

3.3.1 Raw data collection

Initially, we collected 80 audio recordings of conversations between 18 clients
and therapists in real MI counseling sessions, conducted in Dutch. The therapists
transcribed these recordings, each averaging 108 utterances per conversation. Dur-
ing transcription, they also corrected typos and grammatical errors and anonymized
sensitive information (e.g., names and addresses). Next, we utilized a machine trans-
lator [144] to translate the Dutch transcripts into English, followed by post-editing by
two Dutch Master’s students to improve translation quality. Compared to AnnoMI, our
raw data contains a similar number of utterances (8,572 vs. 8,839). Each conversation
in our dataset is longer, with significantly more turns on average (108 vs. 80 utter-
ances per conversation). Moreover, our conversations were drawn from real counsel-
ing sessions, ensuring both authenticity and relevance.

3.3.2 MISC annotation

We followed the MISC 2.1 scheme [103]! and defined an annotation manual that
contains MISC codes with their descriptions and examples (See Table 3.2). The certi-
fied MI therapists from the Dutch institute who conducted the MI counseling and ini-
tially recorded the conversation assigned each utterance with the appropriate MISC
codes. Each utterance was coded to reflect all applicable MISC behaviors, leading to
a multi-code annotation. For example, as shown in Table 3.1, for the utterance “I was
helped. But Ijust have to keep it up because I still have to use medicines for a month
and a half. It is a kind of course, right?”, it should be assigned as “follow/neutral,” “rea-
son+," and “ask” rather than just a single code. In addition, the therapists annotated
the most precise fine-grained MISC codes, as shown in Table 3.2. To ensure the qual-
ity of the dataset and its annotations, we provided annotators with a comprehensive

guideline. They were encouraged to flag and discuss ambiguous cases. Furthermore,

'https://digitalcommons.montclair.edu/cgi/viewcontent.cgi?article=1026&context=psychology
-facpubs
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Dataset AnnoMI BiMISC
# Utterances 8,839 8,572
# Conversations 110 80
# Avg utterances / conversation 80 108
# MISC codes 6 26
# Therapist codes 3 16
# Client codes 3 10
Language English Dutch & English
Multiple codes / utterance False True

Table 3.4: Comparison of the AnnoMI dataset and the proposed BiMISC dataset. Note that BiMISC provides fine-
grained multiple codes for each utterance and bilingual, parallel, in-depth conversations. The use of fine-grained
multiple codes provides therapists with profound insights for conducting Ml treatment in psychotherapy.

BN Question ) Neutral Talk
1200 Reflection Il Change Talk (+)
I Therapist Input Il Sustain Talk (-
20
1000
123 1%}
i} [}
° o
8 8 o
s [
s} s}
L 8
£ £ oo
S S
z =z

5

B

II I m I
0
o+ TS R o

0Q CQ CR SR FIL ADV AFF EC FA Gl STR SP PS OP DR WAR FN ASK CM+ TS+ R+ CM-

Figure 3.2: Distribution of fine-grained codes for the client (right) and therapist (left) in BiMISC.

a subset of the data underwent double-annotation to assess inter-annotator agree-
ment, ensuring the reliability and consistency of the annotations.

3.3.3 Data statistics

Table 3.4 compares the statistics of the proposed BiMISC dataset and AnnoMI
dataset.

The AnnoMI dataset is a publicly available MI dataset consisting of 110 conversa-
tions with 8,839 utterances. It only partially introduced 6 coarse-grained MISC codes,
including 3 therapists’ codes (i.e., question, reflection, and therapist input), and 3
clients’ codes (i.e., neutral talk, change talk, and sustain talk).

BiMISC, on the other hand, consists of 80 conversations with 8,572 utterances in
both Dutch and English. These utterances are annotated with a total of 26 fine-grained
behavioral codes derived from the MISC scheme, with 16 codes corresponding to ther-
apist behaviors and 10 attributed to client behaviors (See Table 3.2).
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Figure 3.3: Distribution of coarse-grained codes in AnnoMI dataset and BiMISC dataset.

Table 3.3 shows the mapping relationships between fine-grained codes (used in
BiMISC) and coarse-grained codes (used in AnnoMI). For example, the fine-grained
codes “open question (0Q)” and “closed question (0Q)” can be mapped to the coarse-
grained code “question (QS)".

Figure 3.2 shows the distribution of fine-grained codes for therapists (left) and
clients (right) in BiMISC. To make the two datasets comparable, we consider the
coarse-grained MISC does in both BiMISC and AnnoM], and plot the distribution of
the codes in Figure 3.3. We see that BiMISC has a more balanced distribution of the
codes compared with AnnoMI.

3.4 Experimental Setup

3.4.1 Research questions

We seek answers to the following research questions by the experiments:
(RQ1) Is the use of fine-grained codes advantageous for LLMs in predicting MISC
codes?
(RQ2) What are the key factors that affect the elicitation of MISC expertise from LLMs
for MISC codes?
(RQ3) Do LLMs maintain consistent performance in MISC code prediction across dif-
ferent languages?

3.4.2 Task definition and evaluation

We defined the MISC coding task as the classification of therapist or client utter-
ances into specific MISC codes. Utilizing an LLM, we provided the model input with a
prompt, including a task instruction, the MISC manual, MISC examples, and the his-
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torical conversations. And LLM subsequently generates MISC codes as an output.
We conducted evaluations as a classification task using the following metrics:

Accuracy: the fraction of responses that have been categorized into a correct code
out of all responses.

Precision: measures the percentage of codes identified as positive that are actually
positive.

 Recall: measures the percentage of actual positive codes that were identified cor-
rectly.

Macro F1 [145]: provides a well-rounded metric that factors in both precision and

recall. This is important given the imbalanced distribution of codes in MI conversa-
tions.

3.4.3 Benchmark models

We employed three prominent LLMs as benchmarks, including two commercial
and one open-source. We set the hyper-parameter temperature as O to control the
randomness of generation and ensure reproducibility.

GPT-3.5 We selected gpt-3.5-turbo?asacommercial LLM benchmark. It has been
optimized for better alignment with human instructions and chat interactions.

GPT-4 We selected gpt-4 3 as another commercial LLM benchmark. It demonstrates
outstanding performance in providing accurate responses as human instruction,
notably in zero-shot scenarios.

Flan-T5 We selected flan-t5-xx1 % as an open-source LLM benchmark, known for
its advanced capabilities in various NLP tasks [146], optimized for better align-
ment with human instructions.

We also explored L1lama-2-13b-chat-hf ° as an open-source LLM benchmark.
However, it struggled to differentiate between the various MISC codes, often leading
to the generation of unintended outputs that deviate from the given prompt.

3.4.4 Prompt template design

We elaborated a comprehensive prompt template by the following steps:
(1) We crafted aninitial prompt template, containing task instructions, MISC guide-
lines, illustrative examples, and historical conversations;

2https://platform.openai.com/docs/models/gpt-3-5
Shttps://platform.openai.com/docs/models/gpt-4
“https://huggingface.co/google/flan-t5-xx1
Shttps://huggingface.co/meta-1lama/Llama-2-13b-chat-hf
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(2) We conducted meticulous manual verification and refinement until the result-
ing output codes meet our predefined expectations.
An example of the prompt template is detailed in Appendix 3.A. Notably, there are
two integral components within the prompts:

MISC CODING MANUAL: We introduced the definition of a list of role-specific codes
with their names and comprehensive descriptions (see Table 3.2). The role of the cur-
rent speaker is either therapist or client. The descriptions are carefully crafted and
condensed into a scheme handbook [103]* by experts specializing in MI in psychother-

apy.

MISC CODING EXAMPLES: We offered each code two examples of client-therapist ut-
terance pairs. These examples were selected from the MISC scheme handbook .

3.5 Outcomes

3.5.1 Overall performance (RQ1)

Dataset Model Macro F1 Client’s Codes Therapist’s Codes
All NT CT ST QS RF TI

GPT-3.5 0.53 0.69 0.56 0.36 0.63 0.54 0.39

AnnoMI Flan-T5 0.60 0.79 0.52 0.29 0.81 0.58 0.62

GPT-4 0.73 0.76 0.69 0.46 0.84 0.74 0.87

BIMISC GPT-4 0.68 0.70 0.73 0.42 0.83 0.65 0.75

GPT-4 + mapping 0.68 0.44 0.73 0.55 0.86 0.70 0.80

Table 3.5: MISC coding performance, evaluating coarse-grained codes using the Macro F1 score for clients
and therapists. We conduct single-code classification (AnnoMI) and multi-code classification (BiMISC). The
“mapping” indicates that we conduct fine-grained multi-code classification and then map the fine-grained codes
to coarse-grained codes following Table 3.3.

To address RQ1, we conducted experiments on AnnoMI and BiMISC datasets re-
spectively, and evaluated the performance on coarse-grained codes and fine-grained
codes. Table 3.5 shows MISC coding performance on AnnoMI and BiMISC, evaluated
by F1score on coarse-grained.

First, fine-grained codes can better elicit MISC expertise from LLMs for MISC
coding. In the BiMISC dataset, GPT-4 + mapping (predicting fine-grained codes and
mapping them into coarse-grained codes) achieved substantial improvements or
showed comparable results when compared to GPT-4 (predicting coarse-grained
codes directly). Specifically, F1 scores on ST, QS, RF, and TI increased 13%, 3%, 5%,
5%, respectively. This is because fine-grained multiple codes are mutually beneficial:
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fine-grained multiple codes enable a comprehensive and multi-dimensional expres-
sion of the client’s intentions. These insights held significant value for therapists
in delivering effective MI treatment within the realm of psychotherapy. The only
exception is on NT. Analyzing Figure 34, we observed that the fine-grained classifi-
cation (b) has a higher false negative rate and a lower true positive rate for the NT
code compared to the coarse-grained classification (a). This is due to the fact that the
definition of NT is not as clear-cut as CT and ST and it is frequently disregarded by
LLMs in multi-code scenarios.

NT CT ST

CT ST
- 035 _ 0.52 0.48 X . ! I .

RF Tl

Human annotated code

LLM generated code

Figure 3.4: Accuracy of multi-code classification on the BiMISC dataset by GPT-4, using coarse-grained codes
(a) and fine-grained codes (b).

Second, GPT-4 exhibited the highest performance, with Flan-T5 and GPT-3.5
following in the evaluation of single-code classification on AnnoMI. Notably, Flan-T5
achieved the best performance for the NT code. Specifically, GPT-4 significantly
outperformed Flan-T5 and GPT3.5 by 13% and 20% in terms of overall performance.
So we conducted thorough analytical studies utilizing GPT-4 as the chosen LLM.

Third, multi-code classification (See Figure 3.4) was generally more challeng-
ing than single-code classification (See Figure 3.5). The true positive prediction
accuracy for multi-code classification was typically quite high, but it is important
to note that false negatives can be relatively high in certain scenarios. For example,
GPT-4+mapping achieved 0.71, 044, and 040 for NT, ST and RF.

3.5.2 Elicitation of MISC expertise (RQ2)

To address RQ2, we conducted an ablation study to assess how two key factors (i.e.,
MISC manual and examples) influence the elicitation of MISC expertise from LLM, as
shown in Table 3.6.

First, the choice of prompt substantially influenced the LLM’s performance.

5This sampled data includes all six behaviors and has a code distribution similar to the entire AnnoMI dataset. The
costs are approximately $5 and $15 per 1,000 codes for GPT-3.5 and GPT-4, respectively.
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Figure 3.5: Accuracy of single-code classification on the AnnoMI dataset as performed by GPT-4.

Model MISC Manual # Examples Macro F1 Client’s codes Therapist’s codes
All NT CT ST Qs RF TI
True 0 0.55 0.74 0.56 0.27 0.70 0.57 044
GPT-35 True 2 0.55 071 0.54 0.33 0.58 0.56 0.57
False 0 038 0.75 0.53 0.22 016 047 015
False 2 045 072 0.50 0.30 017 030 017
True 0 0.62 0.81 0.55 0.26 0.85 0.61 0.64
Flan-Ts True 2 045 0.72 0.50 0.30 017 0.30 017
False 0 0.52 074 0.28 012 0.81 049 0.69
False 2 0.53 0.82 0.53 0.05 0.85 030 0.64
True 0 0.73 0.91 0.67 040 0.87 0.80 074
GPT-4 True 2 0.67 0.77 0.56 043 0.75 0.67 0.83
False 0 058 072 045 034 073 0.60 0.67
False 2 0.58 0.87 0.60 0.31 0.83 024 0.67

Table 3.6: The performance of benchmark models on the sampled 15% AnnoMI with equal distribution of entire
dataset, evaluated using Macro F1 score, with consideration given to various prompt setups.

Specifically, in GPT-4 when using the MISC manual, the F1 scores increased from
0.58 to 0.73, marking a 15% improvement. This confirmed that the MISC manual can
elicit MISC expertise from LLM for classification. Second, examples are beneficial
for LLMs, particularly when MISC manuals are not available. The macro F1 score of
GPT-3.5 increased by 7%, while Flan-T5 saw a 1% increase when two examples were
used without the MISC manual. Third, from a model performance standpoint, GPT-4
led the pack, followed by Flan-T5, with GPT-3.5 coming in last. Consistent results
across different prompt setups with these three models affirmed the generalizability
of LLMs for MISC classification and support our findings.
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3.5.3 Multi-lingual analysis (RQ3)

To address RQ3, we conducted a comparative analysis of fine-grained classifica-
tion using both English and Dutch MI conversations on BiMISC. We kept our experi-
mental setup consistent, ensuring that the prompt setup matches the language of the
MI conversations being assessed.

The results, as displayed in Table 3.7, showed that GPT-4’s performance remains
comparable and consistent across both English and Dutch MI conversations, suggest-
ing its ability to understand and classify MI conversations are not limited to English,
which highlights GPT-4's robust multi-lingual capabilities. The multi-lingual consis-
tency of GPT-4 in MI coding, irrespective of the language, indicated its potential as a
valuable tool in multilingual psychotherapy contexts. Such a tool can assist therapists
in diverse settings, ensuring that the nuances of MI conversations are accurately cap-
tured and analyzed. Our investigation into RQ3 provided affirmative evidence. Con-
sistent multi-lingual performance in MISC classification paved the way for broader
applications in multi-lingual psychotherapy contexts.

S RF Tl
Therapist All Q

0oQCQ SR CR AFFADV DIREC FA FIL GI SP STR WAR PS OP

English (EN) 31 71 .62 .28 .25 .32 .35 .00 .00 .12 .21 59 .22 .15 .00 .50 .00

Dutch (NL) .33 .70 .62 .29 .30 .39 .56 .00 .10 .10 .24 .66 .14 .15 .00 .40 .00
i NT CT ST
Client All
FN  ASK CM+ TS+ R+ o+ CM- TS- R- O-
English (EN) 32 35 57 35 14 55 12 25 36 42 06
Dutch (NL) 30 47 57 29 16 .53 .19 18 22 43 .00

Table 3.7: The fine-grained classification in English (EN) and Dutch (NL) on the BiMISC dataset, evaluated using
the Macro F1 score for therapist (upper) codes and client (lower) codes.

3.6 Limitations

While our work introduced a novel approach for MISC coding supported by the
creation of a new MI dataset, we acknowledge the following limitations: First, the
size of BiMISC is somewhat limited, potentially impacting the performance of fine-
grained classifications, particularly concerning the underrepresented codes. One
potential remedy is the utilization of data augmentation techniques to enhance the
representation of these codes. Second, our evaluation of MISC coding highly depends
on human annotations. This approach may introduce biases, leading to potential
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inaccuracies in the evaluation process. Incorporating a multi-annotator system
complemented by cross-validation might help mitigate individual biases. Third, our
multi-code classification relies heavily on a predefined confidence threshold for
LLM. The LLM is instructed to give multiple codes only when its confidence exceeds
this threshold, this can considerably affect the outcomes. Adaptive thresholding
techniques could be explored to optimize multi-code classification.

3.7 Conclusion and Future work

We introduced BiMISC, a bilingual dataset comprising MI conversations in both
English and Dutch. We built BiMISC using expert annotation, carefully aligned with
the MISC scheme. Our comprehensive analysis and comparison with AnnoMI high-
lighted BiMISC's distinctiveness and novelty. Furthermore, the promising outcomes
from our experiments not only spotlighted the potential of LLMs in MISC coding but
also highlighted the unique characteristics and advantages of BiMISC.

In the future, we plan to study further the fine-grained classification of MI con-
versations, specifically addressing the challenges posed by imbalanced codes in MISC
classification. Moreover, we envision leveraging the outcomes of MISC classification
asdirectives for natural language generation within MI. This sets the stage forincorpo-
rating controllable natural language generation in sensitive domains like psychother-

apy
Ethics Statement

Data Anonymization

The data utilized in this work originates from real MI counseling sessions and
thus contains sensitive information. We received consent from the client to allow us
to make recordings of the MI counseling. To protect the privacy of the individuals
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To maintain the integrity and quality of the data, annotation was conducted by
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experts are also bound by confidentiality agreements to safeguard the privacy of the
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3.A An example of the prompt for classifying the Ml code

Prompt [ROLE]: Therapist
MISC manual Definition of each code in MISC for [ROLE]:
[We give descriptions of each MISC code according to the [ROLE]]

"reflection’: reflection is a statement made by the therapist that captures
and mirrors back the essence of what the client has said or expressed. [...]

'question’: question is made by the therapist to gain more clarity or to
explore the client’s perspective, feelings, thoughts, or experiences. [...]

"therapist_input’: therapist_input is any other therapist utterance that is not
codable as 'question’ or 'reflection’. [...]

MISC examples Examples of each code in MISC:
[We give TWO examples of each MISC code according to the [ROLE]]

'reflection’:
Example 1:
Client: 'I'm scared of the consequences if | don’t stop smoking.
Therapist: 'You're expressing fear about the potential effects of continued
smoking. [...]
'question’:
Example 1:
Client: 'l think | need to stop smoking.
Therapist: 'Have you tried quitting before?’ [...]
"therapist_input’:
Example 1:
Client: 'l feel anxious lately.
Therapist: 'Managing anxiety is possible with strategies like relaxation
techniques and mindfulness. [...]
Historical conversations Conversations:
[We give historical conversations and the utterance need to be classified]

Therapist: Yes, those were not really your moments, they were not really
your smoking moments, that was a bit literally and figuratively, especially at
the end of the day. [...]
The utterance for classification:
Therapist: Yes, and yes the weight does not go to me, but is that something
that will be coming soon or you say that will only be next year.

Task instruction Task: [We give instruction to explain the MISC classification task]

Given the above Conversations, please identify the MISC codes for the last
therapist’s last utterance. Provide the code based solely on these options:
['reflection’, 'question’, 'therapist_input’]. Provide only the selected codes
without any additional text.

Code is:

Table 3.A.1: The complete prompt template for Ml reflection generation. The components involving MISC were
added to the prompt only for the Full-MI prompt setting.
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Abstract

Chatbots or conversational agents (CAs) are increasingly used to improve access to
digital psychotherapy. Many current systems rely on rigid, rule-based designs, heav-
ily dependent on expert-crafted dialogue scripts for guiding therapeutic conversa-
tions. Although advances in large language models (LLMs) offer potential for more
flexible interactions, their lack of controllability and explanability poses challenges in
high-stakes contexts like psychotherapy. To address this, we conducted two studies in
this work to explore how aligning LLMs with expert-crafted scripts can enhance psy-
chotherapeutic chatbot performance. In Study 1 (N=43), an online experiment with
a within-subjects design, we compared rule-based, pure LLM, and LLMs aligned with
expert scripts via fine-tuning and prompting. Results showed that aligned LLMs sig-
nificantly outperformed the other types of chatbots in empathy, dialogue relevance,
and adherence to motivational interviewing (MI) principles. Building on findings, we
proposed “Script-Strategy Aligned Generation (SSAG)”, a more flexible alignment ap-
proach that reduces reliance on fully scripted content while maintaining LLMs' thera-
peutic adherence and controllability. In a 10-day field Study 2 (N=21), SSAG achieved
comparable therapeutic effectiveness to full-scripted LLMs while requiring less than
40% of expert-crafted dialogue content. These results demonstrated that expertalign-
ment remains essential for LLM-powered psychotherapy, and that SSAG offers a more
efficient path to develop controllable and therapeutically grounded chatbots. Beyond
these results, this work advances LLM applications in psychotherapy by providing a
controllable and scalable solution, reducing reliance on expert effort. By enabling do-
main experts to align LLMs through high-level strategies rather than full scripts, SSAG
supports more efficient co-development and expands access to a broader context of
psychotherapy.
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4.1 Introduction

Chatbots, or conversational agents (CAs), are increasingly used in psychotherapy
for behavioral interventions. These agents utilize evidence-based conversational
techniques such as Motivational Interviewing (MI) [8] and Cognitive Behavioral Ther-
apy (CBT) [20] to provide round-the-clock mental health support [4, 6,7, 21, 147-149].
Traditionally, these agents have relied on rule-based approaches [12] grounded in
expert-crafted scripts [13, 14] to ensure therapeutic adherence and safety. While
effective, these approaches often produce rigid, non-adaptive conversations and
require substantial expert effort to not only author dialogue content but also design
the structured dialogue flows, as illustrated in Fig 41. Recent advances in Natural
Language Generation (NLG) [150] have enabled more dynamic chatbot interactions.
For example, MI chatbots have incorporated rephrasing and template-based gener-
ation [90] to improve engagement [4, 6, 73], while models trained on CBT data [21]
demonstrated the potential to deliver structured and principle-based therapeutic di-
alogues. Hybrid approaches [151,152] have emerged to integrate LLMs with rule-based
systems, with the aim of combining generative flexibility with expert-guided struc-
ture and safety. However, these systems still require large domain-specific datasets,
which are scarce in psychotherapy due to privacy concerns and data sensitivity.

The rise of large language models (LLMs) [153] opens new opportunities for
personalized, empathetic, and engaging digital psychotherapy [154] and mental
health treatments [155]. Psychotherapy requires a real-time adaptation to subtle
motivational, emotional, and behavioral cues. Unlike simpler NLP models, advanced
LLMs like ChatGPT [65] are capable of generating responses that are naturally fluent,
contextually appropriate, and emotionally attuned. Psychotherapeutic strategies
such as reflective listening, a core element in MI and CBT, demand nuanced inter-
pretation and reflective response, which requires far more than surface-level text
manipulation such as paraphrasing or summarization. Furthermore, managing
therapeutic dialogues involves pacing, topic transitions, goal alignment, and not
merely following scripted dialogue flows.

Yet, applying LLMs in the psychotherapeutic context to develop LLM-powered or
hybrid [151] psychotherapy chatbots still poses three technical challenges: (1) LLMs
lack domain-specific knowledge to initiate and sustain conversations on specific
psychotherapeutic topics (see Fig 4.3), such as increasing intrinsic motivation, or
cognitive behavioral practices [20] like “mindfulness” [156], and cognitive distortions
such as “should statements” [157]. (2) LLMs also struggle to generate structured and
goal-directed therapeutic questions (see Fig 4.1) that guide behavioral interventions.
Moreover, the reliance on fully expert-crafted dialogue scripts presents another
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challenge: (3) Creating these expert-crafted dialogue scripts is time-consuming and
labor-intensive, posing barriers to scalability and broader adoption in real-world
therapeutic contexts.

( Start topic: \ .
| "Supportive social environment" | topic
Bt Twould ke {0 tak [0 you about how you oan make physical civiy | Tp—
leasier for yourself and how your social environment can play a big part Apestic qusst
that. Would you be up for that? | L (Close-ended)

v v
User: Nothank you. User: Yes definitely &
Bot: No problem. Would you like to talk about Bot: Great! Did you know that people around you can encourage | [ Therapeutic question 2
something else? lyou to be more active? J (Close-ended)
User: Yes please User: No thanks Bot: A few examples of how someone can help you be more active "
s by giving you compliments, encouraging you, or remnGing You of ----——-----——----———----f General advice
) \what motivated you to make the decision to become more active.
‘Bo(: Great, Let's do it & ‘ Bot: Alright, talk to you soon then ; ! ¥
( User: No, really? | User: Yes absolutely!
P B — ) .
[Bot: Yes absolutely! Itis a great way o ot | Bot: Great right?! So why not use t & Lol Reflection
_________ yourself a bit more motivated. So | would say | . J

. v
L J \etsitakeledvantageiithal [Bot: Can you think someone who would ke It if you waiked }77) Therapeutic question 3
more and did more physical activities? (Open-ended)

User: No, | can not. |User:(free_input) [my parent maybe.]

Figure 4.1: A dialogue example: parts of tree-structured dialogue scripts pre-crafted by experts under the psy-
chotherapeutic topic “Supportive social environment” for behavioral intervention.

Despite the advancements of LLMs, it remains unclear whether expert-crafted di-
alogue scripts are still necessary to guide LLMs for psychotherapy, specifically in bal-
ancing generative flexibility with the structured and goal-oriented nature of evidence-
based therapeutic conversations. This leads to our first research question. RQ1: Do
expert-crafted dialogue scripts remain essential for chatbot-delivered psychotherapy
in the era of LLMs? To explore this question, we propose Script-Aligned Generation
(SAG), a concept that aligns LLMs with expert-crafted dialogue scripts to retain thera-
peutic structure while enabling conversational flexibility. To rigorously examine RQ1
and validate SAG, we define two sub-questions: RQ1.1: Howdo LLM-powered chatbots
aligned with expert-crafted dialogue scripts compare to rule-based chatbots and pure
LLMs forpsychotherapy? and RQ1.2: Howdo LLMs aligned viafine-tuning and prompt-
ing differ in performing psychotherapy? To answer these questions and address the
first two challenges, we conducted Study 1 (Fig 4.2.a), comparing four chatbot types: a
rule-based chatbot using static expert-crafted scripts; a pure LLM without alignment;
and two LLM-powered chatbots aligned with expert-crafted scripts (i.e., SAG) via ei-
ther fine-tuning or prompting. Results showed that LLM-powered chatbots by SAG
significantly outperformed both rule-based and pure LLMs across key assessing met-
rics, including linguistic quality, therapeutic relevance, empathy, engagement, MI ad-
herence, and motivation enhancement. These findings highlighted the continuing
importance of expert-crafted scripts in enabling LLMs to deliver engaging, safe, and
therapeutically effective psychotherapy.

Although SAG aims to enable LLMs to balance conversational flexibility with
therapeutic effectiveness by aligning them with expert-crafted dialogue scripts, it
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still relies on fully expert-crafted scripts, posing scalability and cost challenges for
real-world psychotherapy applications. To address challenge (3), we proposed Script-
Strategy Aligned Generation (SSAG), a more flexible and collaborative alighment
approach. Unlike SAG, SSAG requires only partial expert input: core psychothera-
peutic topics, key therapeutic questions, and optional advice (see Fig 4.8). Drawing
on prior work in CSCW [158, 159] and NLP [160] that employ therapeutic strate-
gies to guide human therapists and LLMs for facilitating effective therapy, SSAG
enabled LLMs to dynamically generate dialogues aligned with these therapeutic
strategies, such as asking questions, reflective listening, and giving advice, enabling
alignments with both partial expert-crafted scripts and evidence-based therapeu-
tic strategies [11, 159]. We therefore ask our second research question: RQ2: Can
psychotherapy chatbots using SSAG achieve comparable conversational quality
and therapeutic effectiveness to those using SAG? To evaluate this, we conducted
Study 2 (Fig 4.2.b), a 10-day field study comparing three chatbots: (1) a rule-based
chatbot as baseline, (2) an SAG-aligned chatbot (via prompting) as in Study 1, and (3)
an SSAG-aligned chatbot. Results showed that SSAG matched SAG in therapeutic
effectiveness while sustaining empathy and engagement, suggesting that flexible
alignment can deliver comparable outcomes with less expert scripts.

To distinguish between SAG and SSAG, we defined SAG as strict alignment
that relies on fully scripted dialogue content and flows, whereas SSAG is a flexible
alignment approach that requires only partial expert input. SSAG enabled domain
experts to contribute at a higher level of abstraction by specifying key therapeutic
elements (e.g., psychotherapeutic topics and questions as illustrated in Fig 4.8) rather
than scripting the entire dialogues. This leads to our third research question: RQ3:
To what extent can SSAG reduce reliance on expert-scripted content for developing
psychotherapy chatbots? Findings from Study 2 showed that SSAG chatbots achieve
comparable performance to those using SAG while reducing the need for fully expert-
crafted dialogue scripts, positioning LLMs as co-authors of therapeutic dialogues.
SSAG is situated within CSCW by facilitating collaboration among psychotherapy
experts, developers, and LLMs. This helps enable the scalable, co-designed devel-
opment of chatbots that have the potential to be both engaging and therapeutically
effective for health behavioral interventions.

We chose to focus on MI and CBT due to their strong evidence base and comple-
mentary structures. M, a flexible, client-centered approach, emphasizes reflective
listening and open-ended questioning to enhance intrinsic motivation [8, 9, 18, 19],
making it well-suited for evaluating the ability of LLMs to support engaging and
context-aware conversations. CBT, by comparison, offers structured, goal-oriented
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Figure 4.2: The procedure and design of the two studies conducted for evaluating the chatbots in delivering
psychotherapy for health behavioral intervention.

dialogues like cognitive reframing [20], aligning well with LLMs guided by specific
therapeutic objectives. By combining MI’ s flexibility with CBT’ s structure, we
can better explore whether aligned LLMs can uphold therapeutic adherence without
sacrificing perceived conversational quality such as empathy, a tradeoff investigated
in prior work about CBT [21, 22]. Importantly, SSAG can be generalized beyond
MI and CBT. By grounding generation in high-level therapeutic strategies, such as
asking, reflecting, and advising, identified in prior CSCW work [158,159], SSAG can be
extended to other frameworks like Acceptance and Commitment Therapy (ACT) [161]
or digital mental health coaching [162, 163] by substituting context-appropriate,
expert-defined strategies. This positions SSAG as a scalable, adaptable approach for
a wide range of evidence-based digital health interventions.

The work in this chapter contributes to CSCW by advancing the effective de-
velopment of LLM-powered psychotherapy chatbots for health interventions. First,
we proposed and evaluated Script-Aligned Generation (SAG), a concept that aligns
LLMs with fully expert-crafted scripts to balance therapeutic effectiveness and
conversational flexibility, highlighting the ongoing importance of human expertise
in guiding LLMs. Second, we introduced Script-Strategy Aligned Generation (SSAG),
a more flexible approach that reduces reliance on expert-scripted content by re-
quiring only partial human input (e.g., therapeutic topics and questions), enabling
efficient development of psychotherapy chatbots supported by LLMs. Third, we
contributed the first dataset of expert-authored psychotherapy dialogues grounded
in evidence-based techniques (MI and CBT), supporting future research on LLM
alignment for psychotherapy. Together, these contributions demonstrate that expert
guidance remains critical for safe and effective digital psychotherapy, and that SSAG
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offers a practical path toward scalable, controllable, and efficient development of
therapeutically aligned chatbots in the era of LLMs.

4.2 Related Work

4.2.1 Chatbots and Conversational Design for Digital Psychotherapy and Behav-
ioral Intervention

The application of chatbots or conversational agents (CAs) in delivering psy-
chotherapy and health- interventions has gained significant attention as a means
of broadening access to psychotherapeutic and mental health support services like
health behavioral intervention [4,6,147] and mental healthcare [148,149]. Rule-based
chatbots [12], which operate on predefined dialogue scripts, are widely used in digital
psychotherapy for their high controllability and explainability, essential qualities in
sensitive fields such as mental healthcare and psychotherapy. These systems ensure
precision in addressing therapeutic needs and prevent deviations from clinically
validated pathways. For example, studies have used rule-based chatbots for Motiva-
tional Interviewing (MI) [8,9] and Cognitive Behavioral Therapy (CBT) [20] to support
interventions like smoking cessation [4, 6] and physical activity promotion [147,164],
where controlled, structured responses are crucial.

Despite the benefits of controllability and transparency, rule-based chatbots
face limitations in dialogue empathy and flexibility. Their interactions tend to be
rigid, lacking the dynamic adaptability of human therapists, which is particularly
essential in psychotherapy, where a nuanced understanding of user queries and
empathetic responses is critical [158]. For instance, a core principle of MI or CBT
is reflective listening [11], where the therapist mirrors the client’ s expressions
to promote self-reflection and insight. However, rule-based chatbots struggle to
emulate such responsive empathy [7], as their responses are confined to predefined
scripts that may not fully capture the depth of user needs or emotional nuances. More
importantly, rule-based chatbots typically rely on intent-based dialogue systems [12],
where domain experts design expert-crafted scripts to define chatbot’s response to
various user intents, ensuring consistent therapeutic guidance and simulating ther-
apeutic conversations with a high degree of accuracy and reliability. However, this
dependence on expert-written scripts makes rule-based chatbots highly resource-
intensive, as they require extensive input from experts to develop domain-specific
dialogue scripts [13, 14, 165]. Implementing these expert-crafted dialogues often
involves encoding intricate conversation designs, including conversational content
and flows, that incorporate strategies from psychotherapy such as MI or CBT, making
the development process time-consuming and costly. Therefore, our work created
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a dataset with extensive expert-crafted dialogue scripts tailored for physical activity
interventions using MI and CBT.

4.2.2 Language Models for Digital Psychotherapy and Behavioral Intervention

The integration of generative language models [91, 154] into digital psychother-
apy shows promise in enhancing conversational flexibility and depth in chatbot-
driven therapeutic interventions. Initial efforts to improve rigid, rule-based chatbots
led to hybrid systems from prior work by [151] that combined Natural Language
Generation (NLG) [150] with predefined dialogue scripts. These systems aimed to
improve conversational fluidity by incorporating generative elements to create
more empathetic, reflective responses, a core principle of many psychotherapeutic
techniques such as MI [8, 9] and CBT [20]. For example, hybrid models generate
reflective statements or paraphrases to encourage clients to explore their thoughts
while staying aligned with therapeutic goals [90, 151, 152]. With advancements in
LLMs [153, 166], the potential for more adaptive and contextually aware dialogues
in digital psychotherapy has grown considerably. LLMs offer a powerful ability to
generate varied and nuanced responses, which can help maintain engagement and
improve the user experience during psychotherapy [160, 167]. In MI or CBT, where
client engagement and reflective listening are critical [7], LLMs have shown promise
by producing responses that align with therapeutic techniques [21,160], with a more
flexible and engaging conversational style [155,158,168]. A recent study [155] demon-
strated the effectiveness of generative Al chatbots in providing clinical-level mental
health treatments, supported by evidence from a long-term randomized controlled
trial.

Despite these advantages, the use of LLMs in psychotherapy presents con-
siderable challenges [169], especially concerning technical controllability, model
transparency [170], cultural understanding [21] and ethical concerns [37] in sensitive
contexts. Unlike rule-based systems that follow experts’ pre-defined guidance or
expertise, LLMs operate with a black-box nature that generates responses based on
probabilistic models [171] that may lack explicit adherence to therapeutic principles
or ethical standards [37]. This lack of predictability and controllability poses risks, as
LLMs may inadvertently generate responses that are insensitive, ethically inappro-
priate, or even harmful, especially in sensitive interactions where mental health and
emotional well-being are involved. Furthermore, LLMs struggle to consistently apply
psychotherapeutic counseling techniques, such as MI or CBT, as they lack the ability
to systematically follow therapeutic strategies without expertise guidance. These
challenges have prompted further investigations into how LLMs and generative
Al systems can be instructed or aligned with therapeutic principles [158, 160, 172],
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human values [173-175], external knowledge [176], and ethical standards [177,178] to
ensure safe and effective deployment in sensitive contexts such as psychotherapy for
health intervention.

4.2.3 Aligning LLMs with Domain Expertise and Instructions for Psychotherapy

Recent advances in aligning LLMs has evolved beyond linguistic fluency to
emphasize adherence to goal-directed and domain-informed dialogue. This shift
from purely probabilistic generative models [171] to more adaptive systems has
introduced approaches such as instructed dialogue generation [179], reinforcement
learning from human feedback (RLHF) [174,175], and context-aware generation [180].
These approaches enable LLMs to tailor response generation based on specific
conversational strategies, user intent, and domain objectives [160,172,181]. This also
enables more effective mixed-initiative dialogue [176, 182], where both the user and
model collaboratively guide the conversational interaction.

In psychotherapy, LLMs offer transformative potential to deliver flexible and
engaging interventions; however, prior work by Iftikhar et al. [21] indicates that
instructed LLMs may overly rely on therapeutic techniques with compromising con-
versational qualities such as empathy. To address this, alignment approaches should
guide LLMs to balance conversational quality with adherence to structured therapeu-
tic principles, which makes the alignment of LLMs with domain expertise critical to
ensure safety, empathy, engaging, and goal-directed conversations. Aligned dialogue
generation is expected to support models to embed psychological and empathetic
principles within responses [155, 183-185], allowing LLMs to effectively emulate the
precision of rule-based systems while retaining the flexibility needed for nuanced,
context-sensitive support in psychotherapeutic settings.

Two dominant alignment approaches have emerged: fine-tuning and prompt-
ing. Fine-tuning [186] integrates domain expertise directly into model weights,
offering strong domain fidelity [21, 155, 172]. However, it is resource-intensive and
dependent on large, sensitive datasets that are difficult to obtain in psychother-
apy. Prompting [187], especially with in-context learning methods like Chain-of-
Thought [188-190] and Tree-of-Thoughts [191], provides a more scalable and flexible
alternative, guiding LLM outputs with structured cues instead of continuous model re-
training. Recent work [160,192] has shown that incorporating therapeutic strategies
into prompts allows LLMs to produce more therapeutic-aligned responses [158,159].
Comparative studies [193] also validate both prompting and fine-tuning as effective
approaches for mental health tasks, supporting their potential in psychotherapeutic
interventions.

Despite this progress, these approaches typically assume access to com-
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prehensive domain-specific data for aligning the LLMs, which can be costly and
time-consuming for domain experts to produce. To address this, we proposed
Script-Strategy Aligned Generation (SSAG) in this work, an alignment approach that
requires only partial expert-crafted dialogue scripts, thereby reducing reliance on
fully scripted dialogue content or flows, while using LLMs to dynamically manage
dialogue flow and generate responses. SSAG supports a collaborative expert-LLM
co-authoring workflows and enables a controllable alignment through the step-
wise therapeutic strategy prediction mechanism. Compared to prompting and
fine-tuning, SSAG offers a more flexible and efficient alternative for the real-world
development of psychotherapy chatbots, especially in the contexts where data is
limited and expert labor is costly.

4.3 Creating Dataset with Expert-Crafted Dialogue Scripts

A team of fifteen experts (i.e., research associates, each holding a BSc or higher
degree in clinical or health psychology), collaboratively developed a comprehensive
dataset of pre-scripted, tree-structured dialogues designed to support physical activ-
ity interventions. This dataset was specifically designed to serve as input for develop-
ing conversational agents in this study and the broader TIMELY project, ensuring both
therapeutic relevance and practical applicability in health behavioral interventions.
These research associates were involved in the Timely study and were responsible
for supervising research interns during the dataset creation process. Their academic
background and hands-on involvement in behavioral intervention research provided
them with the necessary foundation to design realistic and therapeutically informed
dialogue flows. Pre-scripted dialogues include both dialogue content and flows in
tree-structure as shown in Fig 4.1. Grounded in the psychotherapeutic techniques of
MI [8, 9] and CBT [20], these scripts target common therapeutic scenarios in behav-
ioral interventions. Examples of crafted dialogues are shown in Fig 4.3, covering top-
ics such as “rating confidence of change” in MI and “supportive social environment”
in CBT.

The creation process began with brainstorming sessions, where experts identi-
fied psychotherapeutic topics relevant to behavioral interventions, focusing on phys-
ical activity. Topics like overcoming exercise barriers and improving sleep were cho-
sen to cover diverse intervention scenarios. Each expert then crafted dialogues for
specific topics, ensuring the dataset captured the depth and variability of real therapy
while adhering to MI and CBT principles. To ensure clarity and authenticity, a think-
aloud protocol [194] was used.

The final dataset includes over 1,800 expert-written utterances across 26 psy-
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Psychotherapy Psychotherapeutic Example of Therapeutic
Technique Topic Expert-crafted Dialogues Strategy
Therapist: So my first question is: on a scale from 0 to 10, how confident are you that you  Therapeutic Question |

will reach your step goals tomorrow @2
Client: I would rate as 7 maybe.
Therapist: Thanks for sharing with me® Seems like you're already quite confident about  Reflection

reaching your goal. Can you tell me why you gave it a 7 but not a 57 Any aspects make you  Therapeutic Question 2
confident right now to achieve your step count goal?
.. . N . Client: Because I have to walk to school every day, so I should be able to have enough steps.
Motivational “Rating Confidence of  pperapist: That's indeed something that could make you more confident! Do you know what ~ Reflection
Interviewing (MI) Change” would need to change so you will rate your confidence a 97 i Therapeutic Question 3

Client: Hmm, I don’t know ...

Therapist: 1 understand.. trying to raise your confidence is casier said than done. But T am  Reflection
here to help! T have a few small tips you can try o boost your confidence to reach your step  Therapeutic Question 4
count goal. Would you like to know?

Client: Sure, why not.

Therapist: The best way to gain more confidence is to see yourself succeed, so the first tip is: General Advice

split your goal into small pieces and try to achieve those! My second tip is: ......

Therapist: I would like to talk to you about how your social environment can play a big part Therapeutic Question 1
in making your physical active casier. Did you know that people around you can encourage
you to be more active?

Client: Maybe there are someone ...

" ) ) ) Therapist: Great! So why not use it€ Can you think someone who would like it if you  Reflection
Cognitive Behavioral  “Supportive Social walked more and did more physical activities? Therapeutic Question 2
Therapy (CBT) Environment Client: I think, my mum would like that if T can walk more or do more physical activities. )

Therapist: Nice! This person can be a great supporter in your journey to become more active  Reflection
i Can you think of two ways in which he or she can be helpful? Therapeutic Question 3

Client: Hmm, can you maybe have an example?
Therapist: Of course!
you compliments, encoura
to be more active.

ample of how someone can help you be more active is by giving General Advice
ment, or reminding you of what motivated you to make decision

Figure 4.3: Examples of expert-crafted dialogues in motivational interviewing (M) and cognitive behavioral
therapy (CBT) with different psychotherapeutic topics. The expert-crafted dialogues contain 1) psychothera-
peutic topics, 2) therapeutic questions, 3) reflections, 4) general advice, and 5) dialogue flows pre-designed as
in Fig 4.1.

chotherapeutic topics as detailed in 4.A. The dataset includes a mix of closed- and
open-ended questions, reflections, and general advice, key elements for eliciting
client self-reflection and promoting engagement, which are core objectives of both
MI and CBT. Each topic is structured by a series of therapeutic questions. The
tree-structured format as shown in Fig 4.1 ensures a coherent flow and branching,
designed to mirror real-world psychotherapeutic dynamics. More detailed dialogue
examples are provided in Appendix 4.B and 4.C

4.4 Study 1: Concept of Aligning LLM with Full Expert-Crafted
Dialogue Scripts

4.4.1 Concept Validation: Script-Aligned Generation (SAG)

Study 1aimed to validate the concept of Script-Aligned Generation (SAG), which
aligns LLMs with full expert-crafted dialogue scripts for psychotherapy. SAG seeks
to balance therapeutic fidelity with the conversational flexibility and engagement in-
herent in LLMs. The goal of Study 1 was to assess SAG’ s potential to enhance LLMs’
potential to deliver flexible, engaging, and expert-guided psychotherapy. To imple-
ment the concept of SAG, we proposed two alignment approaches: fine-tuning (LLM-
SAG (FT)) [186] and prompting (LLM-SAG (Prompt)) [187], to align LLMs with expert-
crafted, tree-structured dialogue scripts designed for health intervention as shown
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in Fig 4.1, aiming to determine which provides the best combination of therapeutic
effectiveness and conversational qualities.

Input Input Input E Searching Method: Top-down Breadth-First Search (BFS)
l 1 \ procedure BFS(G: «

VT = tree con
[ | PoQ=[l (@

ccted simple graph with vertices v, vz, -, 0)

eue of u
\ \ while Q is not emp!
\ begin
Output Output Output
end
(a) Input-Output  (b) Chain-of-Thoughts (c) Tree-of-Thoughts v end §
Prompfing Prompting (CoT) Prompting (ToT) V(T is the breadthfirst spanning tre of G}

Figure 4.4: Visualization of aligning LLMs with expert-crafted tree-structured dialogue scripts via Tree-of-
Thoughts prompting [191].

4.4.2 Study Methods

Study design and procedure

A comprehensive overview of the study procedure is illustrated in Fig 4.2
(a). We conducted an evaluation study employing within-subjects design to com-
pare four chatbot types: 1) a rule-based chatbot (“rule-based”) strictly followed
the expert-crafted dialogues; 2) a pure LLM (“pure LLM") without any alignment
with expert-crafted dialogues; and LLM-powered chatbots strictly aligned with the
full expert-crafted scripts through either 3) prompting (‘LLM-SAG (Prompt)”) or 4)
fine-tuning (“LLM-SAG (FT)").

Before the study, each participant received an information letter and provided in-
formed consent. After, participants interacted with each chatbot in counterbalanced
orders and completed a survey immediately after interaction to assess their experi-
ence with that specific chatbot. This within-subjects design allowed for a direct com-
parison of user assessments across chatbot types under consistent conditions, aim-
ing to identify which type of chatbot best performs in facilitating the therapeutic in-
teractions.

Types of chatbots

Study 1 examined the following four types of chatbot:
1) rule-based chatbot. This chatbot was implemented using the RASA frame-
work [195], a popular open-source platform for building rule-based chatbots. It
strictly followed the expert-crafted dialogue scripts detailed in Section 4.3, using
predefined intents, responses, and dialogue flow rules encoded in RASA’ s dialogue
management model [195]. This chatbot did not generate responses beyond what
is explicitly pre-scripted, ensuring high controllability. This condition served as a
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baseline, representing a traditional chatbot approach where all conversational paths
are predetermined by experts.

2) pure LLM. This chatbot used a GPT-40 model [196] without alignment to expert-
crafted dialogue scripts. At the start of each session, the LLM was prompted with: “You
are a psychotherapist conducting a session to promote healthier behavior using Mo-
tivational Interviewing (or Cognitive Behavioral Therapy). The current therapeutic
topicis [given topic]. The definition of this topic is [description of the given topic].” The
topic was selected from a set of expert-defined psychotherapeutic topics (as demon-
strated in Section 4.3 and detailed in 4.A). Participants can interact with this chatbot
freely within the specified topic. This setup evaluated the pure LLM's performance in
delivering psychotherapy with high-level instructions, but without script guidance or
alignment.

3) LLM-SAG (FT). We fine-tuned a GPT-40 model using our expert-crafted dialogue
dataset, which consisted of tree-structured dialogues authored and reviewed by
health psychology experts for clarity and coherence (see Section 4.3). We employed
supervised fine-tuning involving input-output pairs, ensuring the LLM’ s responses
aligned with expert-crafted dialogue responses and flows. Additionally, to evaluate
the chatbot’ s adherence to the predefined dialogue flow, participants can ask
“out-of-script” questions to test the chatbot’s ability to respond appropriately while
maintaining alignment to the specific dialogue flow. This method also applied to the
LLM-SAG (Prompt) chatbot.

4) LLM-SAG (Prompt). For a more scalable and computationally efficient alterna-
tive to fine-tuning [197], we implemented a prompting-based alignment using the
Tree-of-Thoughts (ToT) technique [191], as visualized in Fig 44. ToT guided the
GPT-40 model through our pre-authored, tree-structured dialogue scripts using
a Breadth-First Search (BFS) algorithm [198]. We chose ToT for its effectiveness
to align LLM with tree-structured expert-crafted dialogue scripts. Unlike other
prompting techniques (e.g., few-shot or chain-of-thought [188, 189]), ToT ensures
consistency in multi-turn dialogue scenarios by enabling controlled, step-by-step
navigation through predefined tree-based dialogue branches. At each turn, the
LLM was prompted with the current dialogue context and a constrained set of valid
next-turn response options through predefined dialogue branches in the tree struc-
ture, preserving the dialogue logic and therapeutic progression embedded in expert
scripts. Compared to fine-tuning, ToT is a more lightweight and flexible approach
that avoids retraining while maintaining integrity to expert scripts. While ToT was
well-suited for aligning with tree-structured scripts in this work, we did not compare
it with alternative prompting strategies (e.g., chain-of-thought). Future work could
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evaluate how different prompting strategies perform in this context.
The prompting templates used for the LLM-powered chatbots are provided in Ap-
pendix B. The implementation details of the models and settings are presented in 4.G.

Web-based interfaces for chatbot interaction and evaluation

The study was conducted using a self-developed web-based application that in-
tegrated both chatbot interaction and an evaluation survey into one seamless inter-
face, as shown in Fig 4.5. This design allowed participants to interact with the chatbot
and provided immediate feedback in a continuous session, streamlining user experi-
ence. The interface was optimized for simplicity, minimizing distractions and ensur-
ing smooth navigation, enabling participants to focus on their interactions without
difficulties.

Twould like to talk to you about how you can make physical activity easier for Evaluation on Dialogue Quality

yourself and how your social environment can play a big part in that.
,,,,,,,,

Would you be up for that?
Yes defitely®
Greatt

Did you know that people around you can encourage you to be more active?

Yes absolutely! It s a great way to get yourself a bit more motivated,
S0 1 would say lets take advantage of that

Lets doit!

Great!

of someone who would like it if you walked more and did more:

Ye

g
# B

Chat Interface Evaluation Interface

Figure 4.5: Web-based interfaces were developed for Study 1 to enable chatbot interactions and facilitate im-
mediate evaluation.

Measures

Participants’ baseline exposure to chatbots was assessed using four 5-point
Likert-scale items: (1) frequency of chatbot use (1 = Never, 5 = Daily), (2) prior experi-
ence with chatbots (1 = Strongly negative, 5 = Strongly positive), (3) familiarity with
chatbots (1=Not familiar at all, 5 = Extremely familiar), and (4) general attitude toward
chatbots (1= Strongly negative, 5 = Strongly positive).

In addition, we assessed above four chatbot types using the measures as follows.
All quantitative self-report measures used a 5-point Likert scale ranging from 1
(Strongly Disagree) to 5 (Strongly Agree).

Linguistic Quality: Evaluated the fluency, relevance, naturalness, coherence, and the
human-likeness of the chatbot’s responses, using five assessing items adopted from
[199,200]. Example items are “The conversations of the chatbot are fluent.” and “The
conversation of the chatbot is more like a person rather than a bot.”

Dialogue Relevance: Inspired by work [201], two self-constructed items were used to
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specifically assess the alignment of expert-crafted therapeutic dialogues. Example
items are “The chatbot asks an appropriate amount of questions.” and “The chatbot
stays on the specific topic of the conversation.”

Empathy and Engagement: Gauged perceived empathy of the chatbot's conversa-
tions, which is crucial for therapeutic effectiveness. We adopted the questionnaire
from [7,202] with two items: “The chatbot seems to know how I felt.” and “The chatbot
seems to understand me.” To assess the chatbot’s ability to maintain user interest
and interaction as the engagement level, a questionnaire from [203] was adopted.
Example items are “Ilost myselfin the interaction with this chatbot.” and “The chatbot
is enjoyable to talk to.”

Perceived Motivational Interviewing (MI) Adherence: Evaluated how well the chatbot
simulates an MI session and adheres to the MI principles. We adopted a questionnaire
from [7,204] with four items. Example items are “The chatbot helped me talk about
changing my behavior.” and “The chatbot helped me feel hopeful about changing my
behavior.”

Motivation for Change: Measured the chatbot’s impact on participants’ motivation to
change, a key therapeutic outcome. We self-constructed an item “I am motivated to
make changes in the behavior after I talk with the chatbot.”

Therapeutic Alliance: Explored the rapport and connection between the chatbot and
the user. We adopted the questionnaire from [205] with six items. Example items are
“Ibelieve this chatbot can help me to address my problem.” and “This chatbot encour-
ages me to accomplish tasks and make progress for the change we discussed.”
Usability: Measured the ease of interaction with the chatbots. We adopted the ques-
tionnaire called Bot Usability Scale from [206] with seven items. Example items are
“Communicating with the chatbot was clear.” and “The chatbot’s responses were easy
tounderstand.”

Two Open-Ended Questions were included to capture participants’ feelings and opin-
ions about chatbots: “What have you enjoyed most or least about interacting with this
chatbot?” and “What could be improved about this chatbot?”

Automatic Evaluation Metrics: We also developed two self-defined, tailored metrics
to evaluate the chatbots’ performance in delivering expert-crafted psychotherapeu-
tic topics and therapeutic questions (shown in Fig 4.1 and Fig 4.3). Both metrics were
reported as relative proportions (0-100%) to allow for consistent comparison across
different chatbots. “Auto-Metric 1” assesses the number of psychotherapeutic topics
that reached a natural conclusion, reflecting the level of user engagement with chat-
bots. “Auto-Metric 2” measures the total number of expert-crafted therapeutic ques-
tions asked by the chatbot, indicating its effectiveness in guiding the conversation to-
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ward specified therapeutic goals.

Participants
Demographic Categories Numbers of
Participants (%)

Gender Female 22 (51.2%)
Male 21 (48.8%)

Age 18-24 23 (53.5%)
25-34 14 (32.6%)
35-44 2(4.7%)
45-54 3(7.0%)
65+ 1(2.3%)

Education High school degree or equivalent 8(18.6%)
Bachelor' s degree 15 (34.9%)
Master’ s degree 16 (37.2%)
Doctorate or higher 4(9.3%)

Professional Domain Health and Medical Science 7 (16.3%)
Science, Technology, Engineering, Mathematics 14 (32.6%)
(STEM)
Business, Economics, and Law 6(14.0%)
Communication, Arts, Culture and 5(11.6%)
Entertainment
Education and Social Science 8 (18.6%)
Government and Public Sector 2 (4.7%)
Other 1(2.3%)

Table 4.1: Characteristics of participants in Study 1.

Participant demographics are shown in Table 41. A power analysis using
G*Power [207] indicated that at least 30 participants were required to detect a
medium effect size (d = 0.25) and o = 0.05 with 90% power. To ensure robustness,
we recruited 43 participants through institutional channels and social media. Partic-
ipants had a diverse demographic profile. Eligibility criteria required participants to
be at least 18 years old and fluent in English. Participation was voluntary, and partic-
ipants were compensated with money or study credits for completing a 30-minute
online session. This study was approved by the institutional ethics committee at the
University of Amsterdam.

Data analysis

To analyze the impact of different chatbots on participants’ perceptions of
psychotherapeutic interventions, we first tested the data’s suitability for statistical
analysis. Normality was assessed using the Shapiro-Wilk test [208], and homogene-
ity of variance via Bartlett’ s test [209]. As the data violated normality assumptions,
we applied a Generalized Estimating Equation (GEE) model [210] to compare mean
scores across chatbot conditions. Post-hoc pairwise comparisons between the
LLM-SAG (Prompt) and LLM-SAG (FT) chatbots were conducted using Wilcoxon
signed-rank tests [211] with Bonferroni correction [212]. Additionally, Spearman
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correlation analysis [213] was used to examine whether participants’ prior exposure
to chatbots was associated with key outcome measures.

For the qualitative data, we conducted an inductive content analysis [214] of re-
sponses to two open-ended questions. The first two authors developed an initial code-
book using ATLAS.ti [215] based on participants perceptions and suggested improve-
ments for each chatbot type. Both coders independently coded the responses, revis-
ing the codebook as new themes emerged. Codes were refined, merged where appro-
priate, and re-coded to ensure consistency.

4.4.3 Quantitative Findings

Automatic evaluation metrics

Chatbot Types Auto-Metric 1 Auto-Metric 2
Rule-based (as oracle) 100.00 98.81
Pure LLM 85.71 12.62
LLM-SAG (FT) 71.43 70.24
LLM-SAG (Prompt) 97.62 96.42

Table 4.2: Results (ratio) of automatic evaluation metrics for rule-based, pure LLM, and LLM-SAG chatbots.

Table 4.2 shows the results of automatic evaluation metrics, as demonstrated in
Section 4.4.2. For “Auto-Metric 1" (i.e., measuring completion of each psychotherapeu-
tic topic), rule-based chatbot scores the highest, followed by LLM-SAG (Prompt) and
pure LLM, which have similar scores. In “Auto-Metric 2” (i.e., measuring therapeutic
questions asked), the rule-based chatbot again leads, with LLM-SAG (Prompt) close
behind. The pure LLM scores the lowest, indicating a significant deviation from the
expert-crafted dialogue scripts.

Descriptive statistics

Participants reported moderate prior exposure to chatbots. The average
frequency of chatbot use was 3.14 (SD=0.83), prior experience was 3.23 (SD=1.08),
familiarity with chatbots was 344 (SD=0.73), and overall attitude toward chatbots was
3.40 (SD=0.79). Across the four chatbot types: rule-based, pure LLM, LLM-SAG (FT),
and LLM-SAG (Prompt), the LLM-SAG (Prompt) consistently outperformed others
across multiple measures.

As shown in Table 4.3, LLM-SAG (Prompt) achieved the highest ratings in lin-
guistic quality (M=3.95, SD=0.23), dialogue relevance (M=3.39, SD=0.68), and empathy
(M=3.07, SD=0.16), and showed strong performance in engagement (M=2.90, SD=0.33),
perceived MI adherence (M=3.74, SD=0.13), motivation (M=3.42, SD=0.00), usability
(M=3.82, SD=0.26), and therapeutic alliance (M=3.58, SD=046), surpassing other
chatbot types. This indicated that it not only followed expert-crafted dialogue scripts
closely but also delivered a more flexible and effective therapeutic experience overall.
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Comparison Measure Mean (SD) Coefficient Effect(Std.B) p-value
Rule-based vs. Pure LLM
Linguistic Quality 3.66 (22) vs. 3.76 (14) 10 14 (small) 45
Dialogue Relevance 3.26(.88) vs. 3.09(.33) -13 .22 (medium) 34
Empathy 2.53(10) vs. 2.99 (18) 45 44 (medium) 04 %
Engagement 2.58(.53) vs. 2.72 (42) 14 18 (small) 33
Perceived MI 313 (15) vs. 313 (08) 00 .00 (small) 100
Motivation Change 2.86(.00) vs. 3.00 (.00) 14 13 (small) 47
Therapeutic Alliance ~ 3.31(.64) vs. 3.33(.36) 02 .02 (small) 92
Usability 3.60 (40) vs. 3.56 (.24) -04 .05 (small) .82
Rule-based vs. LLM-SAG (FT)
Linguistic Quality 3.66 (.22) vs. 3.60 (18) -06 08 (small) .65
Dialogue Relevance 3.26 (.88) vs. 3.38 (.51) 15 .25 (medium) 21
Empathy 2.53(.10) vs. 2.94 (15) 41 40 (medium) 04 %
Engagement 2.58(.53) vs. 2.58 (.54) 00 .00 (small) 100
Perceived MI 313(15)vs. 3.31(12) 19 17 (small) 41
Motivation Change 2.86(.00) vs. 3.00 (.00) 14 13 (small) 46
Therapeutic Alliance ~ 3.31(.64) vs. 3.33(48) 01 .01 (small) 94
Usability 3.60 (.40) vs. 3.61(.26) 01 .01 (small) 97
Rule-based vs. LLM-SAG (Prompt)
Linguistic Quality 3.66 (22) vs. 3.95(23) 30 40 (medium) 02 %
Dialogue Relevance 3.26(.88) vs. 3.39(.68) 16 .27 (medium) 20
Empathy 2.53(10) vs. 3.07 (16) .53 52 (large) 01 %
Engagement 2.58(.53) vs. 2.90 (.33) 32 40 (medium) 03 %
Perceived MI 313 (15) vs. 3.74 (13) 62 .57 (large) 01 %%
Motivation Change 2.86(00) vs. 342 (00) .56 .51 (large) 01 %%
Therapeutic Alliance  3.31(.64) vs. 3.58 (46) 26 .32 (medium) 10
Usability 3.60 (40)vs. 3.82(.26) 22 .30 (medium) 19

Table 4.3: Results of generalized estimating equations (GEE) [210] comparing rule-based with three types of
LLM-powered chatbots (pure LLM, LLM-SAG via prompting and fine-tuning). (**p<.01, *p<.05, “Coefficient”
represents the unstandardized regression coefficient.)

Rule-based vs. LLM-powered chatbots

-

‘

‘

. +
.

Median Score Distribution of Measures

Relevance Engagement Perceived Ml Motivation Alliance Usability

Empathy

Figure 4.6: Distribution of median value of measures in Study 1 across four chatbot types. Y-axis ranges from 1
to 5 (Likert scale). Each box shows the interquartile range (25th—75th percentile), with the midline indicating the
median. Whiskers extend to 1.5 times the interquartile range, and dots outside represent outliers. Horizontal
red lines with asterisks indicate statistically significant differences between conditions (*p < .05, **p <.01).

To address RQ1.1, we compared the performance of rule-based and LLM -powered
chatbots, including pure LLM, LLM-SAG (FT) and LLM-SAG (Prompt). As depicted in Ta-
ble 4.3 and Fig 4.6, LLM-SAG (Prompt) significantly outperformed the rule-based chat-
bot in linguistic quality, empathy, engagement, perceived MI adherence, and motiva-
tion change. Pure LLM and LLM-SAG (FT) chatbots only showed significantly higher
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empathy ratings than the rule-based chatbot (p=0.04) but performed similarly or even
worse in dialogue relevance and MI adherence. LLM-SAG (Prompt) chatbot scored
significantly higher than pure LLM in dialogue relevance and perceived MI shown in
Fig 4.6. Moreover, all chatbots performed similarly in usability and therapeutic al-
liance. These findings affirmed the value of aligning LLMs with expert-crafted scripts
to preserve therapeutic quality and conversational engagement.

Prompting (LLM-SAG (Prompt)) vs. Fine-tuning (LLM-SAG (FT))

Comparison Measure Mean (SD) Effect (Std.B) p-value

LLM-SAG (Prompt) vs. LLM-SAG (FT)
Linguistic Quality 3.95(23)vs. 3.60 (18) 43 (large) OT %%
Dialogue Relevance 339 (:68) vs. 3.38 (.51) .09 (small) 54
Empathy 3.07(16) vs. 2.94 (15) .07 (small) 67
Engagement 2.90(.33) vs. 2.58 (.54) 36 (medium) 02 %
Perceived MI 374(13)vs. 3.31(12) 40 (medium) 01 %%
Motivation Change 342 (00)vs. 3.00(.00) .35 (medium) 02
Therapeutic Alliance 3.58 (46) vs. 3.33(48) 27 (medium) 08
Usability 3.82(.26) vs. 3.61(.26) 24 (medium) 1

Table 4.4: Results from Wilcoxon signed-rank test [211] for pairwisely comparing LLM-powered chatbots
aligned with full expert-crafted dialogue scripts (SAG) through either prompting or fine-tuning. (**p<.01, *p<.05)

—@— LL5AG (Prompl) Empathy
—8— LsAG ()
Pure LU

Engagement ~ _ Dialogue Relevance

Perceived MI: Linguistics

Motivation™. h  Usability

4.0
Therapeutic Alliance

Figure 4.7: Visualization of the comparison (mean value) between the pure LLM chatbot and LLM-SAG chat-
bots through prompting (LLM-SAG (Prompt) and fine-tuning (LLM-SAG (FT). Each axis represents one of eight
evaluation dimensions, with values plotted on a radial scale from O to 5 reflecting mean scores for each chatbot
type.

To address RQ1.2, we compared two alignment approaches used to implement
the concept of SAG: fine-tuning (LLM-SAG (FT)) and prompting (LLM-SAG (Prompt)).
Results in Table 4.4 and Fig 4.7 showed that LLM-SAG (Prompt) significantly out-
performed LLM-SAG (FT) in assessing diemensions, including linguistic quality
(p=0.01), engagement (p=0.02), perceived MI (p=0.01), and motivation change (p=0.02).
These findings suggested that prompting provides a more effective and flexible
alignment approach for psychotherapy, likely due to its ability to flexibly navigate



84 | 4. EXPERTISE-DRIVEN ALIGNMENT: SCRIPT-STRATEGY ALIGNED GENERATION

tree-structured dialogues while preserving expert-scripted dialogues for effective
therapeutic experience, whereas fine-tuning may struggle to balance the adherence
tothe pre-crafted complex dialogue scripts and the adaptability to the “out-of-scripts”
inputs from the participants.

4.4.4 Qualitative Findings: Open-ended Questions

A total of 344 free-text responses were collected in Study 1 from 43 participants
across four chatbot types (i.e, rule-based vs. pure LLM vs. LLM-SAG (FT) vs LLM-SAG
(Prompt)). 298 non-empty responses were included for analysis. Findings revealed
four key themes shaping participant perceptions of chatbots in psychotherapy for
health behavioral intervention that specifically address RQ1: (1) conversational
quality and effectiveness, (2) balancing engagement with therapeutic adherence,
(3) LLM-powered intelligences for digital psychotherapy, and (4) suggestions for
improving chatbot-delivered psychotherapy.

Effective chatbot-delivered psychotherapy through clarity, relevance and coherence

In therapeutic contexts, the effectiveness of chatbot interactions depends heav-
ily on two intertwined factors: clarity and coherence in conversations, and the ther-
apeutic relevance of the content. This theme highlights the need for chatbots to re-
spond in a way that is easy to understand, logically structured, and directly aligned
with users’ therapeutic goals.

The qualitative analysis showed that participants responded favorably to rule-
based chatbots for their straightforward responses that were built on expert-crafted
dialogue scripts. These chatbots were seen as effective in guiding users through thera-
peutic content with clarity. One participant remarked, “Iliked the fact that the chatbot
was really straightforward and clear in providing information, leading the users into
questions. (rule-based chatbot)” However, participants also highlighted instances
where clarity was lacking, especially in pure LLM-based chatbots. One participant
shared, “Itisnot clear, and sometimes I don't know what I should say. Some exam-
ples are not clear at all. I wanted to see real instances, but it said ambiguously. (pure
LLM)” This feedback highlights the need for clearer instructions, concrete examples,
and more direct conversational guidance.

Therapeutic and contextual relevance were also viewed as essential. Some par-
ticipants felt pure LLMs lacked focus, as one noted: “The topic is not quite relevant
to the topic given; it would be good if it gave more specific advice on the topic we
talked about for helping me in behavioral change.” This highlights the importance
of responses grounded in therapeutic objectives and user needs. While rule-based
chatbots were appreciated for clarity, their rigidity was a frequent criticism. One
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participant noted, “I do not like chatbots with pre-set responses. There was no
flexibility in what I could talk about.” This inflexibility was seen as a barrier to
deeper engagement. In contrast, LLM-based chatbots, particularly those aligned with
expert-guided prompts (LLM-SAG), were praised for their adaptability and contextual
responsiveness. As one participant described, “The chatbot can understand what
I talk about and always stay within the topic given. It also asks relevant questions to
move the talk forward. (LLM-SAG (Prompt))”

Maintaining logical flow and staying on topic was viewed as essential of effective
interventions. Participants valued when chatbots responded coherently. One partic-
ipant noted the improved coherence in LLM-SAG chatbots compared to rule-based
one: “Ican feelthe dialogue from (rule-based) chatbot is similar to the previous one,
and this time it (LLM-SAG (Prompt)) can understand what I said and give correct reply.
I can feel it quite encouraging for change.” Another participant emphasized the capa-
bility of aligned LLMs to stay on topic: “It guides my behavior change step by step in
human-like conversations. And it is not overwhelming. It can understand my specific
questions and give correct answers, and then it can go back to previous talk after my
questions, interesting. (LLM-SAG (Prompt))”

Balancing conversational engagement and therapeutic adherence: Flexible vs.
Structured

Conversational style plays a pivotal role in shaping users’ perceptions and re-
lationships with chatbots. Participants consistently highlighted how conversational
style impacts their sense of engagement and therapeutic effectiveness.

The rule-based chatbot provided well-structured dialogues for psychotherapeu-
tic intervention following expert-crafted content and was noted as, "I love it guiding
my behavior change step by step. Instead of directly asking me to do certain things,
it guide me to think about how to deliver such changes.” However, participants de-
scribed LLM-powered chatbots as more relatable and engaging than rule-based ones.
The LLM-powered chatbots’ ability to mimic natural conversation made interactions
feelnaturaland fluid. As one participant noted, “The tone of this chatbot is interesting
and appealing. It talks like a human being. (LLM-SAG (FT))” In contrast, rule-based
chatbots with their rigid, pre-set responses were disliked in this context as, "I do not
like (rule-based) chatbots with pre-set responses. There was no flexibility in what I
could talk about with the chatbot.” This lack of conversational flexibility left some par-
ticipants feeling disconnected and constrained.

Interestingly, while pure LLM chatbots have been able to generate contextu-
ally relevant responses, participants noted that those aligned with expert-crafted
dialogues provided more structured, professional, supportive and motivational con-
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versations. These chatbots asked thoughtful questions, provided relevant examples,
and offered advice in a structured, encouraging tone. One participant shared, “I
liked the way it asked questions, gave examples and advices. I found that they were
very relatable. (LLM-SAG (Prompt))” . This well-balanced flexibility and therapeutic
structures for engaging and therapeutically-effective psychotherapy for behavioral
interventions. However, some participants felt that overly professional or friendly
tones could undermine the seriousness of certain topics. “I did not really like the
super friend-like way of talking; I prefer a more professional type of way. (LLM-SAG
(FT))” one participant noted. This points to the need for chatbots to dynamically
adjust their conversational styles based on context, avoiding extremes and tailoring
communication to user expectations and emotional needs.

In sum, the conversational styles of chatbots, particularly how they balance flex-
ibility with structure, and friendliness with professionalism, directly influence user-
perceived comfort, relatability, and engagement with the chatbots.

LLM-Powered Intelligence for Engaging Psychotherapy: Personalization, Memory,
and Empowerment

This theme highlights the vital role of LLM-powered intelligence for enhancing
digital psychotherapy for behavioral intervention, including features such as person-
alization, chatbot's memory, and user empowerment in creating engaging and effec-
tive chatbot-delivered interventions. The rule-based chatbot was disliked because of
its pre-set responses and fixed dialogue structures without personalization, as noted,
"I enjoy receiving the intended lesson and information in a very straightforward man-
ner. [...] However, it did feel less personal and tailored. It was more like a good lesson
than a conversation and coaching.” Most participants appreciated chatbots that re-
sponded in a personalized but still structured way, offering tailored advice rather than
generic responses. One participant remarked, "It guides my behavior change step by
step in human-like conversations. And it is not overwhelming. It can understand my
specific questions and give correct answers, and then it can go back to the previous
talk after my questions, interesting. (LLM-SAG (Prompt))” This kind of personalized
guidance, delivered at a comfortable pace, helped participants feel heard, supported,
and empowered in their behavioral change journey:.

In addition, participants also emphasized that chatbots capable of remembering
prior interactions and adapting their responses accordingly made the conversations
more coherent, supportive, and relatable. One participant shared, "The initial advice
was also very generic and not useful for me specifically but in the rest of the conver-
sation, the bot switched to suggestions, which were much more tailored to me and
actually did inspire me. I even made a note and am going to implement one of the sug-
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gestions. (pure-LLM)" This illustrates how contextual awareness can strengthen en-
gagement and empower the effectiveness of psychotherapeutic interventions. This
ability to build on past interactions can also enhance the continuity and personaliza-
tion of long-term conversations.

Therefore, these LLM-powered intelligent features could help build more engag-
ing, empowering, and effective chatbot-delivered interventions. By integrating these
features and maintaining the right balance of conversational styles, chatbots can bet-
ter support users’ therapeutic goals and foster more engaging experiences.

User-Informed Suggestions for Enhancing Chatbot-Delivered Psychotherapy

Participants shared valuable suggestions to improve chatbot-delivered psy-
chotherapy for health behavior change, emphasizing the need for more engaging,
adaptable, and therapeutically effective interactions.

A key suggestion was to integrate LLM capabilities into rule-based systems.
Participants believed this would combine the structured guidance of scripted dia-
logues with the conversational flexibility, pointing to the potential for more dynamic
and personalized interactions. Alongside this, participants highlighted the value of
open-ended questions, which LLMs are well-suited to generate. Closed-question
formats were seen as limiting, while open dialogue can encourages reflection and
deeper engagement in the therapeutic process.

Participants also stressed the importance of modulating the chatbot’ s conver-
sational style. A balanced tone, friendly yet professional, was viewed as critical. One
participant shared, “It could have used a slightly different tone to balance the formal-
ity that enhances its reliability and friendliness.”

Personalization emerged as another vital area for improvement. Participants
wanted chatbots to tailor responses to their specific circumstances and offer action-
able advice. One participant noted, “It should have given clearer instructions for
users for their change” highlighting the need for more individualized support. In
line with this, participants emphasized the importance of memory and contextual
awareness. The ability of a chatbot to recall past interactions was seen as essential
for maintaining continuity, deepening personalization, and improving therapeutic
relevance.

Collectively, these user insights point toward a future of chatbot-delivered ther-
apy that is more personalized, flexible, engaging, and therapeutically effective, ulti-
mately leading to more impactful psychotherapeutic interventions.
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4.5 Study 2: Expertise-Driven Alignment for LLM-Powered Psy-
chotherapy Chatbots

Study 1 underscored the value of expert-crafted dialogue scripts for aligning
LLMs in psychotherapy. However, as shown in Fig 4.8 and Fig 4.1, the most labor-
intensive aspects of expert-scripting involve both creating dialogue content (e.g.,
questions, reflections, advice) and designing structured dialogue flows. SAG relies
heavily on fully expert-authored scripts, which are costly and difficult to scale in
expert-driven domains like psychotherapy.

To address this, we introduced Script-Strategy Aligned Generation (SSAG), a
more flexible and efficient alignment approach that requires only partial expert
input. SSAG drew on evidence-based therapeutic strategies [158,159] adapted from
MI [11,160] to guide LLMs in generating responses that balance therapeutic adher-
ence with conversational flexibility. SSAG enabled LLMs to co-author therapeutic
dialogue content and dynamically manage dialogue flow based on predicted ther-
apeutic strategies, reducing reliance on experts’ fully scripted dialogue. In Study
2, we compared SSAG (partial alignment) with LLM-SAG (full alignment) to assess
whether SSAG could maintain therapeutic effectiveness while reducing dependence
on expert-authored dialogue scripts (RQ2 and RQ3). By streamlining expert input
demands and enabling flexible generation, SSAG facilitated more efficient and
scalable development of psychotherapy chatbots supported by LLMs.

4.5.1 Approach: Script-Strategy Aligned Generation (SSAG)
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Figure 4.8: Visualization of SSAG and its comparison with SAG. In SSAG, experts provide core therapeutic con-
tent, while LLMs first predict therapeutic strategy and then generate responses accordingly. In contrast, SAG
relies on fully expert-scripted dialogues.

Script-Strategy Aligned Generation (SSAG) combined partial expert-scripted
dialogue content with therapeutic strategies to reduce reliance on fully expert-
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authored dialogue scripts. As shown in Fig 4.8 and Fig 4.1, expert-crafted dialogue
scripts typically include five components: psychotherapeutic topics, therapeutic
questions, reflections, and general advice, along with tree-structured dialogue flows.
SSAG simplified this by requiring only the three most essential components: psy-
chotherapeutic topics, therapeutic questions, and general advice (optional), as expert
pre-authored input. Unlike prior alignment approaches such as unconstrained
prompting/fine-tuning that rely heavily on full scripting and limit the therapeutic
explainability, SSAG introduced a middle-ground alignment grounded in strategy
prediction, offering greater modularity, efficiency, and explainability than direct
prompting or fine-tuning alone. Specifically, SSAG operated in the following two
steps as illustrated in Fig 4.8:

Step 1: Predicting the therapeutic strategy: SSAG first predicts the next thera-
peutic strategy based on dialogue context, selecting from core therapeutic behaviors:
"asking questions,” "reflective listening,” and "giving advice.”

Step 2: Generating the response: Once the therapeutic strategies are selected,
LLM generates a response according to the predicted strategies. For example, if "ask-
ing questions” or "giving advice” is selected, the LLM retrieves and paraphrases the
pre-written expert content (therapeutic questions or advice) based on dialogue con-
text. If "reflective listening” is selected, the LLM generates reflections freely based on
the context, allowing for dynamic, empathetic responses without scripting. By an-
choring responses to specific therapeutic strategies, SSAG aligns the conversation
with therapeutic principles [158,159], maintaining control over the dialogue flow while
enabling flexibility in generation.

4.5.2 Study Methods

Study design and procedure

The procedure of Study 2 is illustrated in Fig 4.2 (b). We conducted a 10-day field
study employing a mixed design to compare three chatbot types: (1) a rule-based
chatbot (baseline), (2) an LLM-powered chatbot aligned via SAG using prompting
(LLM-SAG (Prompt)), and (3) an LLM-powered chatbot aligned via the flexible SSAG
approach (LLM-SSAG). Participants were divided into two groups: one interacted with
rule-based chatbot and LLM-SAG (Prompt); the other with the rule-based chatbot
and LLM-SSAG. Each group followed a counterbalanced design, where participants
used one chatbot for five consecutive days, then switched to the other, totaling
ten days. After each daily interaction, participants completed evaluation to assess
their experience with the chatbot. This design enabled direct comparisons under
consistent conditions to evaluate whether SSAG (partial alignment) could deliver
psychotherapeutic interventions as effectively as SAG (full alignment).
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Types of chatbots

Study 2 examined the following three types of chatbot:
1) rule-based chatbot. This chatbot was implemented using the RASA frame-
work [195], the same as the rule-based chatbot used in Study 1 (see Section 4.4.2 (1)).

2) LLM-SAG (Prompt). This chatbot was implemented by aligning with the full expert-
crafted dialogue scripts using SAG via prompting as in Study 1 (see Section 4.4.2 (4))
3) LLM-SSAG. As detailed in Section 4.5.1, SSAG offered a flexible alternative to SAG by
reducing the need for fully scripted dialogues. It relied on three core expert-crafted
elements: psychotherapeutic topics, a sequence of therapeutic questions, and gen-
eral advice (optional). LLM-SSAG chatbot operated in two steps (see Fig 4.8). In Step 1,
LLM-1predicted the therapeutic strategies (i.e., asking questions, reflective listening,
or giving advice) based on dialogue context. In Step 2, LLM-2 generated the dialogue
response, ensuring alignment with the predicted strategies from Step 1.

In this study, SSAG restricted completely “free” generation to reflective re-
sponses, while therapeutic questions and advice were retrieved and paraphrased
from expert-crafted dialogues. This balanced flexibility and safety: reflections are
lower-risk and promote empathy and engagement, while questions and advice, being
more directive and sensitive, are anchored in validated expert input to maintain ther-
apeutic integrity and ethical standards. In comparison, SAG places greater emphasis
on alignment with expert-crafted dialogues through retrieving and paraphrasing,
with either fine-tuning or prompting, to ensure consistency with expert demonstra-
tions across all response types. However, SSAG was designed to be extensible, similar
to Retrieval-Augmented Generation (RAG) [216], but with greater controllability over
which response types can be freely generated and which must remain grounded in
expert data. Although this work restricted question and advice generation anchoring
to expert-authored content for safety, future versions could allow more personalized
generations with additional validation mechanisms to ensure safety and adherence
to ethical standards. This setting also enhanced efficiency and adaptability. Training
LLMs to freely generate expert-quality therapeutic questions and advice would
require extensive domain-specific data and frequent model retraining. Findings
from Study 1 have evidenced that prompting provides a more efficient alignment
for expertise integration than fine-tuning. By contrast, SSAG maintained alignment
with expert guidance while enabling flexible generation and dynamic dialogue flow
management, reducing the need for continuous model retraining and making it
more scalable.

The prompt templates used for LLM-powered chatbots are provided in 4.E and
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Measures

To ensure consistency with Study 1, we used the same evaluation metrics, includ-
ing linguistic quality, engagement, perceived empathy and MI level, therapeutic al-
liance, and usability. These were assessed daily after each chatbot interaction. Intrin-
sic motivation to change was measured every two days (pre-, Day 2, Day 4, and post-
intervention) using a validated scale adapted from [217].

Participants

Based on a G*Power analysis [207], a minimum of 16 participants was required to
detect a medium effect size (d = 0.25) with 80% power and o = 0.05. To ensure robust-
ness, 21 participants were recruited (N = 21). All participants were 18 or older, fluent in
English, and recruited through institutional channels and social media. They received
monetary compensation aligned with the guidelines for completing the participation
over 10 days. The study was approved by the institutional ethics committee at the Uni-
versity of Amsterdam. Participant demographics are shown in Table 4.5.

Demographic Categories Numbers of
Participants (%)
Gender Female 13 (61.9%)
Male 8(38.1%)
Age 18-24 9 (42.9%)
25-34 10 (47.6%)
35-44 1(4.8%)
45-54 1(4.8%)
Education High school degree or equivalent 2 (9.5%)
Bachelor’ s degree 5(23.8%)
Master’ s degree 10 (47.6%)
Doctorate or higher 4 (19.0%)
Professional Domain Health and Medical Science 3(14.3%)
Science, Technology, Engineering, Mathematics 5 (23.8%)
(STEM)
Business, Economics, and Law 3(14.3%)
Communication, Arts, Culture and 4 (19.0%)
Entertainment
Education and Social Science 3(14.3%)
Government and Public Sector 2(9.5%)
Other 1(4.8%)

Table 4.5: Characteristics of participants in Study 2.

Data analysis

We first checked data suitability using the Shapiro-Wilk test [208] for normal-
ity and Bartlett’ s test [209] for homogeneity of variance. As data were not fully nor-
mally distributed, we applied Generalized Estimating Equations (GEE) [210], a statis-
tical method robust to non-normality, to compare participants’ perception and ther-
apeutic effectiveness across rule-based, LLM-SAG (Prompt), and LLM-SSAG chatbot
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conditions.
4.5.3 Findings

Pre-validation: automatic evaluation of SSAG

Dataset AnnoMI BiMISC
Metric Accuracy F1 Accuracy F1
Flan-T5 [146] 46.2 77.6 19.1 174
Vicuna-13B [218] 44.7 76.2 10.5 18.8
GPT-4 50.0 78.9 33.6 27.9
GPT-40 (FT) 63.6 814 47.2 36.9

Table 4.6: The next Ml strategy prediction on dataset AnnoMiI (single-strategy prediction) and BiMISC (multiple-
strategy prediction). (“F1” is the F-score [145])

To support the feasibility of SSAG, we pre-validated it by automatic evaluations.
Building on prior work [160, 219], we benchmarked LLMs using two open-sourced MI
datasets: AnnoMI [220] and BiMISC [221] for evaluating this prediction task.

First, we evaluated LLMs' ability to predict therapeutic (i.e., MI) strategies (Step 1
of SSAG as defined in Section 4.5.1), which serve as the basis for response generation
in Step 2 of SSAG. As shown in Table 4.6, GPT-4 (zero-shot setting) achieved strong
performance, while fine-tuning on data further improved accuracy (GPT-4o0 (FT)). No-
tably, performance was lower on the BiMISC dataset due to its multi-strategy com-
plexity (i.e., one utterance has multiple MI strategies), compared to the single-strategy
in the AnnoMI dataset. Although the overall accuracy was modest, this is acceptable
within SSAG, where multiple strategies may be contextually appropriate and no single
strategy is universally optimal. These results confirmed that LLMs can support SSAG’
s Step 1 for therapeutic strategy prediction and serve as a basis for guiding dialogue
generation in Step 2 of SSAG.

Second, we evaluated LLMs' ability to align with MI strategies for utterance
generation (Step 2 of SSAG as defined in Section 4.51). We benchmarked several
prominent LLMs, focusing on LLMs renowned for their size, performance, and
open-source nature. We selected six open-sourced LLMs: Flan-t5-xxl, Vicuna-13B,
Qwen-14B, Qwen2-7B, Llama-2-13B, and Llama-3-8B. All these open-sourced LLMs
are recognized for their capability to align closely with human instructions [175],
particularly in dialogue interactions. Additionally, we chose GPT-4 as a commercial
benchmark, noted for its superior performance in dialogue generation.

To assess the effect of MI strategy alignment, we compared two prompting types.
As shown in Table 4.7, LLMs generated utterances based only on prior dialogue con-
text, without any explicit instruction to follow a MI strategy, denoted as “/wo”. Another
prompt instructed LLMs for utterance generation with both the dialogue context and
the specified MI strategy (e.g., reflection, open-ended question), denoted as “/w”. This
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comparison enabled to evaluate how effectively LLMs can generate responses that ad-
here to expert-defined therapeutic strategies.
To objectively evaluate the quality of generations, we applied the following auto-

matic evaluation metrics:

- BLEU & ROUGE [98,99] assesses the overlap of n-grams between the generation and
reference in terms of precision and recall, respectively. We measuren = 1.

- METEOR [100] evaluates semantic and syntactic accuracy, including synonym and
paraphrase use for linguistic precision.

- BERTScore [101] assesses semantic similarity by BERT embeddings, measuring con-
textual relevance of generations.

« Entropy [222] quantifies the unpredictability and assesses the effectiveness of strat-
egy in controlling generation. Lower entropy indicates more aligned responses.

Model Length BLEUT ROUGE?T METEORT BERTScore? Entropyl
Ml Strategy /wo /w /wo /w /wo /w /wo /w /wo /w /wo w
AnnoMI
Flan-T5-XXL-11B 13.3 109 101 109 8.2 8.4 10.7 116 848 856 29 26
Vicuna-13B 40.5 301 143 147 121 123 17.7 173 851 855 49 45
Qwen-14B 388 377 78 125 65 104 107 151 624 844 38 45
Qwen-2-7B 59.7 30.7 119 138 102 105 173 160 842 852 55 46
Llama-2-13B 362 449 7.5 145 77 118 120 182 79.8 844 42 50
Llama-3-8B 57.6 611 8.7 8.7 7.6 8.3 138 142 81.1 80.7 51 51
GPT-4 543 231 136 143 112 112 18.7 189 841 855 53 43
BiMISC
Flan-T5-XXL-11B 313 265 9.5 108 9.7 9.7 116 122 827 838 27 29
Vicuna-13B 51.9 380 84 121 80 100 131 167 827 843 49 47
Qwen-14B 412 426 77 111 6.4 9.3 107 149 617 83.9 39 48
Qwen-2-7B 645 408 9.1 109 7.7 8.3 145 142 821 841 55 48
Llama-2-13B 61 207 1.6 6.6 4.7 52 20 7.8 203 823 40 39
Llama-3-8B 612 611 7.2 72 7.1 7.4 11.5 119 812 810 51 50
GPT-4 60.3 363 109 137 9.8 100 160 169 834 845 54 46

Table 4.7: Results from the automatic evaluation on two datasets with seven benchmark LLMs under two dif-
ferent types of prompt: (1) generation without alignment to any specific Ml strategy (/wo), and (2) generation
explicitly aligned with the given Ml strategy (/w). This comparison assesses the impact of strategy-level align-
ment on the quality of therapeutic dialogue generation.
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Figure 4.9: Comparison of attention score distributions from LLM (i.e., Flan-T5 [146] with Encoder-Decoder
architecture, last layer, and averaged across all heads) for dialogue generation, with (“strategy-aligned”) and
without (“standard”) aligning to the Ml strategy. Attention to input tokens was aggregated into three prompting
components for better comparison.
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Table 4.7 demonstrated that the standard prompt yields the lowest scores in
automatic metrics. This outcome showed that strategy-aligned generation with the
MI strategy can effectively instruct LLMs to generate dialogue following specific MI
principles. From the model perspective, the commercial GPT-4 model consistently
achieved the highest scores across metrics. However, notable was the performance
of open-sourced LLMs Flan-T5, Vicuna-13B and Qwen?2, which closely rivaled that of
GPT-4. This highlighted the significant advancements in open-sourced LLMs for MI
dialogue generation.

Moreover, to understand how LLMs utilize MI strategies in dialogue generation,
Figure 4.9 visualizes the attention distribution [223] of LLM generations with and with-
out MI strategy. The attention distribution for the strategy-aligned generation shows
a significantly denser focus on the MI strategy compared to the standard prompting
components (i.e, task instruction and dialogue context only). This emphasizes LLMs'
consideration of MI strategies in strategy-aligned dialogue generation.

Comparing chatbot types: rule-based vs. LLM-SAG vs. LLM-SSAG

We evaluated three chatbot types: rule-based, LLM-SAG (Prompt), and LLM-
SSAG in Study 2 using consistent measures from Study 1. As shown in Table 4.8,
LLM-powered chatbots aligned with partial expert-crafted scripts (LLM-SSAG)
performed comparably to those aligned with full scripts (LLM-SAG) in both conversa-
tional quality and therapeutic effectiveness. Besides, both of LLM-powered chatbots
significantly outperformed rule-based chatbots in delivering psychotherapy across
various assessing dimensions.

To address RQ2, we compared LLM-SAG (Prompt) and LLM-SSAG to evaluate
whether LLM-SSAG chatbot could achieve comparable therapeutic effectiveness
and conversational quality to those aligned with full pre-scripted dialogues by SAG.
Results from the GEE analysis (Table 4.8) showed no significant differences in per-
formance between LLM-SSAG and LLM-SAG across key metrics, including linguistic
quality, dialogue relevance, empathy, engagement, MI adherence, therapeutic al-
liance, and usability. The findings that no significant performance differences exist
between LLM-SSAG and LLM-SAG across most metrics supported the effectiveness
of the partial alignment approach in LLM-SSAG, maintaining similar levels of conver-
sational quality and therapeutic adherence while offering a more flexible alternative
to the fully aligned LLM-SAG chatbots for psychotherapy. Radar plots in Fig 4.11
explicitly visualized their comparable performances.

As shown in Table 4.8 and Fig 4.10, linguistic quality (LLM-SSAG: M=3.83; LLM-
SAG: M=3.84) and dialogue relevance (LLM-SSAG: M=4.09; LLM-SAG: M=4.00) of
both LLM-powered chatbots were rated higher than the rule-based chatbot baseline,
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indicating better conversational quality. Empathy (LLM-SSAG: M=3.70; LLM-SAG:
M=3.54), engagement (LLM-SSAG: M=3.23; LLM-SAG: M=318), MI adherence (LLM-
SSAG: M=390; LLM-SAG: M=3.83), and usability (LLM-SSAG: M=4.09; LLM-SAG:
M=4.04) were also higher than the rule-based baseline, with LLM-SSAG slightly
outperforming LLM-SAG. Both LLM-powered chatbots scored higher in therapeutic
alliance (LLM-SSAG: M=3.83; LLM-SAG: M=3.87) than rule-based chatbots, reflecting
stronger therapeutic rapport. In terms of the actual motivational change, both
LLM-SAG and LLM-SSAG chatbots showed sustained increases in motivation change
throughout the intervention period, while the rule-based chatbot showed limited
impact on motivation change over time. These results addressed RQ2 by demon-
strating that LLM-SSAG chatbot offered comparable performance to the fully aligned
LLM-SAG chatbot.

Comparison Measure Mean (SD) Coefficient Effect(Std.B) p-value
Rule-based vs. LLM-SAG (Prompt)
Linguistic Quality 3.26 (79) vs. 3.84 (63) 57 72 (large) 01 %
Dialogue Relevance 3.75(70) vs. 4.00 (42) 22 36 (medium) 18
Empathy 2.81(113) vs. 3.54 (.84) 75 70 (large) 00 *:
Engagement 2.69 (.89)vs. 318 (98) A48 .54 (large) 07
Perceived MI 3.38(74) vs. 3.83 (.52) A1 62 (large) 04 x
Therapeutic Alliance 3.28 (.65) vs. 3.87(.52) 49 62 (large) 02 %
Usability 3.50 (.60) vs. 4.04(.59) 51 71(large) 03
Rule-based vs. LLM-SSAG
Linguistic Quality 3.35(.83) vs. 3.83(73) .50 63 (large) 06 —
Dialogue Relevance 3.89 (74) vs. 3.95(23) 23 .37 (medium) 21
Empathy 2.67(.95) vs. 3.70 (1.00) 100 94 (large) 01 %%
Engagement 274 (69) vs. 3.23 (93) .50 .56 (large) 10
Perceived MI 3.59 (.69) vs. 3.90 (.56) .35 .53 (medium) 09
Therapeutic Alliance 3.56 (49) vs. 3.83(63) 37 .53 (large) 10
Usability 3.56 (.85) vs. 4.09 (.72) .56 78 (large) 04 x
LLM-SAG (Prompt) vs. LLM-SSAG
Linguistic Quality 3.84(63)vs. 3.83(73) 01 01 (small) 97
Dialogue Relevance 4,00 (42) vs. 409 (.55) 09 15 (small) .58
Empathy 3.54(.84) vs. 3.70 (1.00) 17 16 (small) 63
Engagement 318(98) vs. 3.23(93) 05 .06 (small) .89
Perceived MI 3.83(.52) vs. 3.90 (.56) 07 10 (small) 73
Therapeutic Alliance 3.87(.52) vs. 3.83 (63) 04 10 (small) 73
Usability 4.04(59) vs. 409(72) 05 .07 (small) .86
Motivation Change Day-1vs. Day-5
Rule-based 3.74(70) vs. 407 (35) 1 20 (medium) 04 *
LLM-SAG (Prompt) 374(70) vs. 413 (.33) .39 67 (large) 00 #x
LLM-SSAG 3.74(3.70) vs. 4.14 (.65) 44 75 (large) 00 *x*

Table 4.8: Results of generalized estimating equations (GEE) [210] comparing rule-based and LLM-powered
chatbots via full alignment (SAG) and partial alignment (SSAG). (**p<.01, *p<.05.)

Comparison of reliance on expert-crafted content: full alignment (SAG) vs. partial
alignment (SSAG)

To address RQ3, SSAG supported efficient co-development where experts pre-
script only essential dialogue elements (i.e., psychotherapeutic topics, key therapeu-
tic questions, health advice (optional)), and LLMs handle response generation or para-
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Group: LLM-SAG (Prompt) Group: LLM-SSAG

o
o

o
o

—_ . . . .
. .
.

>
o

Distribution of Median Score of Measures
w >
o o

3.0 + . +
+ . N
25 ¢ = .
. . ‘ +
20 .
Chatbot Types N Chatbot Types
15 1 [CIRule-based [ Rule-based
10 L LM-SAG (Prompt) N LLM-sSAG
" Linguistics Relevance Engagement Empathy Perceived MI Alliance ~ Usability ~ Linguistics Empathy Mi Alliance  Usability

Figure 4.10: Medians of measures in human evaluation across chatbot conditions. Y-axis ranges from 1 to 5
(Likert scale). Each box shows the interquartile range (25th—75th percentile), with the midline indicating the
median. Whiskers extend to 1.5 times the interquartile range, and dots outside represent outliers.

phrase aswell as dynamic dialogue flow management based on therapeutic strategies
and dialogue context, which reduces the need for fully expert-scripted content and
structured flows, thereby could lower expert authoring workload.

To quantify this reduction, we compared the number of pre-authored utterances
required for SSAG versus SAG. The LLM-SAG (Prompt) chatbot utilized the full expert-
crafted dialogue scripts, consisting of 1,876 utterances and complete tree-structured
flows (see Fig 4.1). In contrast, LLM-SSAG operated with only 501 therapeutic ques-
tions and 203 general advice utterances, covering only 37.5% of the total utterances
in the dataset. A detailed breakdown by psychotherapeutic topic is included in 4.A.
These results showed that SSAG requires less than two-fifths of the expert-authored
dialogue content needed for SAG. While this suggested a potential reduction in expert
authoring workload, we did not directly measure time or workload. Thus, these find-
ings should be interpreted as indirect evidence of efficiency, not a conclusive work-
load evaluation.

~&— LLM-SAG (Prompt)
~o- LLM-SSAG

Linguistics

Perceived MI o Usability

Figure 4.11: Comparison (mean value) between the LLM-powered chatbots employing strict SAG through
prompting (LLM-SAG (Prompt)) vs. our proposed flexible alignment (LLM-SSAG). Each axis represents one of
six evaluation measures, with mean values plotted for each chatbot type.
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4.6 Discussion

4.6.1 Expert-Crafted Dialogues Remain Essential for Chatbot-Delivered Psy-
chotherapy in the Era of LLMs

Chatbots for psychotherapy [4, 7, 147] have traditionally relied on rule-based
systems structured around expert-crafted dialogue scripts [13, 14, 165], valued for
their safety, controllability, and strict adherence to evidence-based psychothera-
peutic techniques like MI and CBT. While reliable, these systems often produce rigid,
non-adaptive conversations [12], limiting their ability to tailor responses to nuanced
client needs. The emergence of LLMs introduces new possibilities for more person-
alized, empathetic, and engaging dialogue [155, 168, 224]. However, when deployed
without domain alignment, LLMs, such as ChatGPT [65], lack domain knowledge,
structure, and safety controls needed for high-stakes contexts like psychotherapy.
They struggle to generate sequential, goal-directed therapeutic questions and can
deviate from evidence-based psychotherapeutic techniques, making experts in such
domains hesitate in relying on them alone.

Study 1 compared four chatbot types: rule-based, pure LLM, and two LLMs
aligned with expert-crafted dialogue scripts using fine-tuning or prompting (SAG).
Results showed that LLM-aligned chatbots significantly outperformed both rule-
based and pure LLMs across assessing metrics. These findings addressed RQ 1 that
expert-crafted dialogue scripts remain essential in the era of LLMs for effective digital
psychotherapy. Specifically, findings from Study 1 revealed that participants rated
LLM-powered chatbots higher than rule-based ones in linguistic quality, empathy,
and engagement, highlighting the conversational fluency and personalization that
generative models bring. While rule-based chatbots are reliable, their rigidity and
reliance on pre-authored scripts limit their ability to adapt to diverse conversational
contexts [14]. Participants noted a lack of contextual awareness and personalization,
both essential for empathetic and engaging psychotherapy interactions. However,
the flexibility of LLMs came with tradeoffs. Pure LLMs were perceived as more natural
and engaging but often lacked therapeutic structure and relevance. Participants
described them as “human-like” yet vague or unfocused with qualitative insights,
resulting in lower scores for dialogue relevance and MI adherence compared to rule-
based and aligned LLMs. In contrast, rule-based chatbots maintained therapeutic
objectives and structure but were often seen as rigid and less engaging. Aligned LLMs
(SAG) effectively bridged this gap by preserving the structure of expert scripts while
introducing empathetic and adaptive dialogue generation. Participants appreciated
this combination, describing aligned LLM-powered chatbots as “professional yet
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warm” and capable of delivering structured guidance with emotional resonance,
an essential balance in psychotherapy [7,21]. The qualitative insights reinforced the
quantitative findings: aligned LLMs offered a more effective tradeoff between ther-
apeutic rigor and conversational naturalness than either rule-based or unaligned
pure LLMs.

Although LLMs are increasingly capable of generating empathetic and engag-
ing dialogue [225, 226], such Al-generated empathy should be interpreted with
caution because Al perceives warmth, empathy differently than humans [22]. For
instance, LLMs may over-express empathy [158, 227], which can lead to discomfort
or unintended emotional effects, and Al often fails to express empathy in positive
circumstances while humans do [227]. A study [228] shows conversational agents
adapt empathetic responses to certain identities, which can be potentially exploita-
tive. While our findings show that participants perceived LLM-generated responses
as more empathetic and engaging than rule-based ones, such empathy and engage-
ment need further control. Prior work suggests that human-AI collaboration can
enhance perceived empathy [183], supporting our approach of aligning LLMs with
expert guidance to balance conversational attributes (e.g., empathy) with therapeutic
structure. Given the relatively short duration of our study, future research should
examine how human-perceived chatbot’s empathy evolves over longer-term use.

In sum, expert-crafted dialogue scripts remain essential in the era of LLMs, not
as rigid blueprints but as scaffolding that enables LLMs to deliver therapeutically-
structured, safe, and engaging dialogues. SAG-aligned LLMs guided by the expert-
crafted scripts outperformed both rule-based and pure LLMs by effectively managing
the tradeoff, offering a practical path for engaging and therapeutically effective
chatbot-delivered psychotherapeutic interventions.

4.6.2 Efficient Alignment of LLMs with Domain Expertise for Psychotherapy

In psychotherapy, aligning LLMs with expert knowledge is essential to ensure
conversations remain therapeutically relevant and effective. Prior work on in-
structing and aligning LLMs [21,155,160] has focused primarily on two alignment ap-
proaches: fine-tuning and prompting, each with distinct trade-offs. Fine-tuning [186]
embeds domain knowledge directly into model parameters but is resource-intensive
and requires large, curated datasets, often scarce in sensitive fields like psychother-
apy. In contrast, prompting [187] offers a cost-effective and flexible alternative by
guiding LLMs at inference time using structured inputs, avoiding retraining while
encoding therapeutic goals through prompt design. Prompting has been shown to
use less than one-tenth the computational cost of fine-tuning for achieving sim-
ilar alignment [197], making it a more scalable solution for psychotherapy where
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domain-specific data is limited but adherence to therapeutic principles is critical.
It also allows quick adaptation to new therapeutic techniques, supporting flexible
deployment in evolving psychotherapeutic settings.

To explore RQ1.2, Study 1 compared these two alignhment approaches for their ef-
fectiveness in delivering health interventions using the same expert-crafted dialogue
scripts. The findings revealed that the prompted chatbot consistently outperformed
the one by fine-tuning across assessing measures. Prompting preserved the struc-
ture of expert-authored dialogue flows while offering greater adaptability in response
generation, better supporting context-aware, engaging, and goal-directed therapeu-
tic conversations. This difference in our work partly arises from how each approach
handles dialogue structure: fine-tuning embeds the tree structure into the model, re-
ducing adaptability, while prompting uses tree-structured scripts [191] during infer-
ence, enabling more flexible, diverse conversational paths while preserving therapeu-
tic coherence and staying on the scripted therapeutic path, as noted by our partici-
pants, “It (LLM-SAG (Prompt)) can understand my specific questions and give correct
answers, then it can go back to previous talk after my questions, interesting.” This
tradeoff is particularly important in psychotherapy, as prior work [21, 184] indicates
that adherence to therapeutic principles should not come at the expense of empathy
and conversational engagement.

However, both alignment approaches (i.e., SAG through either prompting and
fine-tuning) rely heavily on extensive expert input, making scalability and efficiency
a challenge. We thereby proposed Script-Strategy Aligned Generation (SSAG), a
more flexible alignment that reduces scripting overhead by leveraging only core
components (i.e., therapeutic topics, key questions, and optional advice) while allow-
ing LLMs to support the dialogue generation and manage dialogue flow dynamically
through therapeutic strategy prediction, inspired by prior CSCW research that uses
therapeutic strategies to enhance human counseling effectiveness [158,159] as well
as NLP studies [160, 184] that instruct LLMs to follow evidence-based therapeutic
principles. Results from Study 2 showed that LLM-SSAG performed comparably to
LLM-SAG (Prompt) across most evaluation metrics, addressing our RQ2. This demon-
strated that SSAG can maintain therapeutic structure by anchoring each response
to a predicted MI strategy (e.g., asking a question, offering advice, or providing a
reflection), ensuring alignment with evidence-based therapeutic behaviors while
allowing flexible generation. By guiding LLMs through strategy prediction, especially
reflective listening, SSAG tried to mitigate the over-reliance on therapeutic “method”
(e.g., CBT) seen in prior work [21] and supports more engaging, empathetic dialogues.
This structured-yet-adaptive design mirrors techniques like Retrieval-Augmented
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Generation (RAG) [216], but with greater controllability for expert oversight.

The choice of MI and CBT balanced LLMs by combining MI’ s emphasis on empa-
thy and engagement with CBT’ s structured, goal-oriented interventions. However,
SSAG is not limited to these two focused frameworks. Its stepwise, strategy-level de-
sign allows integration of other therapeutic techniques by substituting proper expert-
defined strategies. Because SSAG operates at the level of therapeutic strategies rather
than fixed language patterns, itis also adaptable to multilingual and culturally diverse
contexts by accommodating different language norms and counseling styles.

4.6.3 Implication: LLM-Supported Co-Development of Psychotherapy Chatbots

Psychotherapy chatbots, as socially impactful tools, hold promise for expanding
access to mental health support, particularly in underserved communities. However,
their development has traditionally relied on labor-intensive expert scripting, which
limits scalability. Our work addressed this challenge by first evaluating alignment ap-
proaches and then introducing Script-Strategy Aligned Generation (SSAG), a method
designed to reduce dependence on fully expert-scripted dialogues and enable more
efficient co-development of scalable and explainable LLM-powered psychotherapy
chatbots between Al (i.e., LLM), developers, and domain experts.

From a technical perspective, Study 1 confirmed that prompting is a more
scalable and resource-efficient alignment method than fine-tuning. Prompting
preserved therapeutic adherence while allowing for flexible, human-like interaction,
making it suitable for conversational therapies such as MI and CBT, where structured
intervention must be delivered through adaptable dialogue. Building on this, SSAG
introduced a two-stage strategy-level alignment method that relies on partial expert
input (i.e., therapeutic topics, key questions, and general advice), while delegating
dialogue generation and flow management to the LLM via predicted MI strategies.
Results from Study 2 showed that SSAG matched the performance of fully aligned
SAG chatbots across key therapeutic metrics while requiring less than 40% of expert-
authored dialogues, offering strong evidence of reduced reliance on expert-crafted
dialogue content, answering our RQ3. While we did not directly measure reductions
in expert workload by SSAG, its design eliminates the need for domain experts to
manually construct full dialogue trees or write structured prompts. This suggests
potential for easing expert involvement during the chatbot development process.
For instance, experts can focus on defining high-level strategies and therapeutical
questions, while the LLM handles context-specific generation, reducing the need
for technical prompt engineering. We acknowledge that this only partially demon-
strates collaborative development. While SSAG facilitates division of labor between
domain experts and Al, the degree of collaboration was not empirically studied.
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Future CSCW research should more directly evaluate expert-Al workflows using
participatory design methods, task-based workload assessments, or longitudinal
co-development trials to rigorously assess reductions in human workload of both
expert and developer.

From a CSCW and human-AI collaboration perspective, SSAG advances the
vision of cooperative development in expert-driven and sensitive domains. SSAG
positions LLMs as flexible yet controllable collaborators that support experts in con-
structing adaptive, therapeutically grounded dialogues, operating within the bounds
of expert-guided therapeutic strategies. This draws on prior CSCW work on human-
Al co-creation frameworks [229] and domain-specific chatbot co-development [152],
demonstrating how structured human-AI collaboration can scale innovation in
mental health technologies. Although we evaluated it in a semi-controlled setting,
deployment in unsupervised settings still introduces ethical and safety concerns.
Real-world deployment requires additional safeguards, including human-in-the-
loop oversight [230, 231], real-time validation mechanisms, and adherence to ethical
standards. These measures are especially critical in unsupervised or high-risk
settings like psychotherapy.

Takentogether, SSAG aligns with CSCW ’ s mission to foster computer-supported
cooperative work in socially impactful domains. By reducing development barriers
and enabling scalable, explainable, and expert-aligned AI, SSAG opens pathways for
delivering cost-effective and accessible mental health support at scale, particularly in
underserved or resource-limited fields. Its design facilitates a scalable and efficient
development between experts and developers, illustrating how AI can be harnessed
in ways that are explainable, domain-aligned, and co-developed. Through this lens,
this work serves as both a technical advancement and a CSCW-relevant contribution,
representing a promising step toward building cooperative, expert-informed and so-
cially impactful Al technologies that advance mental health support systems and the
broader goals of CSCW.

4.7 Limitations and Future Work

Despite the contributions of this work, we acknowledge several limitations that
remain for future exploration.

First, while the expert-crafted dialogue scripts used in this study are valuable, the
reliance on such data introduces potential biases, which could impact the quality of
LLM alignment. Itslimited size and sole focus on MI and CBT, may not fully capture the
diversity of real-world therapeutic interactions or generalize well to other more inten-
sive forms of psychotherapy that require different conversational structures and tech-
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niques. Future work should expand datasets to cover a wider range of therapeutic sce-
narios enhancing SSAG's generalizability and robustness. Moreover, although SSAG
demonstrated reduced reliance on full scripting, requiring fewer than 40% of expert-
authored utterances compared to SAG, we did not directly measure expert workload
or time savings. Thus, the efficiency claim should be interpreted as indirect. Future
work should include task-based workload assessments or participatory design stud-
ies to evaluate the reduction of human workload more rigorously.

Second, although Study 2 included a 10-day field evaluation, the sample size was
modest. Given the personalized nature of psychotherapy, user evaluations may vary
widely and the reliance on self-reported feedback limits the generalizability of our
findings. Future work should involve more diverse samples and incorporate expert as-
sessments for more robust evaluations. While the study duration was relatively short,
prior HCI and digital mental health research has employed comparable intervention
periods (e.g., 2 weeks) to assess the effectiveness of such tools or applications [232-
234]. Nonetheless, human-perceived Al empathy and warmth may evolve over time.
Longitudinal studies are needed to examine how these perceptions and therapeutic
outcomes develop with continued use in real-world deployments.

Third, despite efforts to ensure control and explainability, deploying LLM-
powered chatbots in psychotherapy raises ongoing ethical and safety concerns. Even
when aligned with expert-crafted dialogues, LLMs may produce unpredictable or
inappropriate responses that pose risks in sensitive mental health contexts. Ad-
dressing these concerns requires safeguards such as real-time monitoring, fallback
mechanisms for high-risk situations, and stronger data privacy and explainability
protocols.

Fourth, participants’ prior exposure to chatbots or similar Al-driven services
may have influenced their perceptions and interactions. Those with more experience
might have had different expectations or levels of comfort, potentially affecting their
evaluations of the chatbots. While we did not explicitly control the prior exposure
for participant recruitment, the randomized and counterbalanced study design helps
mitigate systematic bias. Future work could explore this variable more directly with
stratified analyses or larger samples to better understand how prior exposure shapes
user perceptions in chatbots in psychotherapeutic contexts.

While this work advances the alignment of LLMs with expert-crafted dialogues,
addressing these limitations is essential to ensure the scalability, generalizability and
ethical deployment of LLM-powered psychotherapy chatbots.
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4.8 Conclusion

Our work provided initial evidence that aligning LLMs with expert-crafted
dialogues may significantly enhance their performance and user perceptions in
chatbot-delivered psychotherapy for behavioral interventions. By creating a dataset
of expert-crafted dialogue scripts for Motivational Interviewing (MI) and Cognitive
Behavioral Therapy (CBT), we conducted empirical studies comparing rule-based,
pure LLM, and LLM-aligned chatbots to evaluate their conversational quality and ther-
apeutic effectiveness. Our proposed approach, Script-Strategy Aligned Generation
(SSAG), integrated human expertise with LLMs, resulting in controllable and engag-
ing chatbots. This approach mitigated data scarcity, reduced reliance on expert input,
and enhanced the controllability of LLMs in delivering psychotherapy for behavioral
interventions. These findings underscored the importance of human-guided LLMs
for controllable and explainable digital mental health tools, and contributed to the
field of CSCW by advancing scalable, cost-effective and LLM-supported development
of psychotherapy chatbots, a promising path for future research in digital mental
healthcare and health behavioral intervention.
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4.A Overview of the Expert-Crafted Dialogue Scripts

We provide a detailed overview of the dataset we created in this work and intro-

duced in Section 4.3.

Technique Psychotherapeutic Topic Description of Each Topic Num of Question /
Advice / Total
Utterance per
Topic
Overall 501/203/1876
Greeting Establishes rapport and initiates a 2/0/9
dialogue.
Transition topic Facilitates smooth shifts between 8/0/18
therapeutic topics.
General introduction Introduces the purpose of the 14/11/54
conversation.
Status of physical activity ~ Explores current levels of physical activity 15/13/81
to understand baseline behavior.
Handling Bad Weather Discusses strategies to maintain 14 /14 /65
motivation during poor weather.
Mi Sleep Quality Gathers information about sleep habits 3/12/32
and explores links to energy/motivation.
Setting a Goal Helps the user identify a meaningful, 8/4/36
self-directed behavioral goal.
Setting a Goal follow up Revisits previously set goals to reflect on 27/2/118
progress, challenges, or adjustments.
Motivational onboarding Educates and motivates the user to 11/9/50
for energy consider movement as a way to boost
energy.
Rating confidence of Uses confidence scales to explore and 10/11/ 68
physical activity enhance self-efficacy for being active.
Evoking self-efficacy Encourages the user to recognize their 10/16 /103
own strengths and capacity for change.
Improving motivation Identifies personal reasons for change to 39/10/117

boost intrinsic motivation.

Table 4.A.1: Overview of expert-crafted dialogue scripts. "Num of Question / Advice / Total Utterance per Topic”
indicates the number of therapeutic questions, general advice, and total utterances included in the dialogue
script for each psychotherapeutic topic.
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Technique Psychotherapeutic Topic

Description of Each Topic

Num of Question /

Advice / Total
Utterance per
Topic
Overall 501 /203 /1876
Supportive social Encourages reflection on positive social 15/7 /101
environment support for behavior change.
Supportive social Assesses ongoing support and identifies 22/5/79
environment follow up ways to strengthen helpful connections.
Mindfulness Introduces present-moment awareness as 17/5/52
a way to manage thoughts and emotions.
Mindfulness follow up Reviews practice experience and 7/81/27
reinforces benefits of mindfulness.
All or nothing thinking Identifies black-and-white thinking 47 /1/122
patterns that can block progress.
All or nothing thinking Applies alternative thinking strategies to 22/2/63
follow up reduce rigid thought patterns.
Should-statements Identifies unhelpful internal rules (e.g., "I 31/5/73
CBT should exercise every day" ).
Should-statements Challenges and reframes unrealistic 15/1/49
follow up expectations or self-criticism.
Implement Intentions Helps translate intentions into action 45/11/130
using planning and cue-based strategies.
Stress management Teaches techniques (e.g., reframing, 42 /9 /107
breathing) to cope with stress effectively.
Habit building Supports creation of consistent, 22 /17 /103
repeatable behaviors that lead to
long-term motivation and change.
Time management Offers tools to prioritize and schedule 18/12/78
healthy activities realistically.
Unsupportive social Identifies social barriers and develops 25/13/91
environment strategies to handle them constructively.
Small wins Encourages small, achievable actions to 12/5/50

build momentum and confidence.

Table 4.A.2: Overview of expert-crafted dialogue scripts. "Num of Question / Advice / Total Utterance per Topic”
indicates the number of therapeutic questions, general advice, and total utterances included in the dialogue
script for each psychotherapeutic topic.
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4.B Example of Expert-Crafted Dialogue in Ml

( Psychotherapeutic Topic: )
"Physical Activity Level"

Bot: I would like to get an idea of how active your current lfestyle

is. Let's talk about how much you move around every day. Would you

Therapeutic question 1
(Close-ended)

lbe up for that? )
I
g Y
‘Uur: Not really ... ‘ ‘uw: Yes, sure ©

Bot: No problem. Would you like to talk
labout something else?

!

‘User: Yes please

‘Uw: No thanks ‘

Bot: Great, Let's do

Bot: Alright, talk to you soon then . ‘

Bot: Great! In this case, an active lifestyle has
less to do with exercise and more to do with how
little you sit around all day. For instance, how
many steps do you take every day? Do you ever
ride a bike? Do you go groceries shopping by
ffoot? Al of these are ways of being

lactive! Basically anything where you are not

sitting or lying down! &

!

Bot: So, | am curious, are you happy with your

l’ Therapeutic question 2

current level of physical activity? ‘ (Close-ended)

‘User: Not really? ‘Uw: Yes | am! ‘

l —

Bot: Good to hear you like your current level of
physical activity!

Bot: | am sorry to hear that...

[Bot: Could you share with me what makes you

Therapeutic question 4 e O e Bot: Can you tell me in a few words what makes [ Therapeutic question 3
(Open-ended) a diviw % B lyou feel satisfied about it? (Open-ended)
User: Yes, sure! User: No, | can not. ‘qu: No, I can not. ‘ User: Yes, sure!
Reflection Bot: Great, tell me! & Batimatslokilishotalwaysleasyliolpinpolnt Bot: Great, tell me! Reflection
things on the spot &

—

‘Uun«m,lnpm) AAAAAA

I ——

I

‘qu:(fm,lnpm) - ‘

Bot: Hmm | see....But don't worry | can definitely try to help you Bot: That sounds nice indeed. | would also be
Reflection o 4 . e
\with improving your physical activity! happy with that &
Therapeutic question 6 ‘ Bot: Although you don't feel satisfied, is there one aspect about Bot: Is there one thing that you would stilllike to ‘ Therapeutic que: )
(Open-ended) lyour activity levels that you are happy with? I'm all ears & improve about your active lifestyle? (Open-ended)

5

‘qu:(lm_lnpm) i ‘

‘Uler:(ﬁu_lnvu

Figure 4.B.1: Examples of expert-crafted dialogues in motivational interviewing (MI) with psychotherapeutic
topic "physical activity level”. The expert-crafted dialogues contain 1) psychotherapeutic topics, 2) therapeutic
questions (both open-/close-ended questions), 3) reflections, 4) general advice, 5) dialogue flows pre-designed
by experts.



4.C. EXAMPLE OF EXPERT-CRAFTED DIALOGUE IN CBT | 109

4.C Example of Expert-Crafted Dialogue in CBT

[ Psychotherapeutic Topic:
"Should Stater o

(

~Trerapeuticquestion?
ot How abt a smatcht st psive anuage? & peic ik
I
[ [r—
\'—'
ot Thats ok doyou want o have a tak . T
R O ‘ ot Thts wonderal Lt dgn & [ Retcton
User: All right, yes. lare & o s them v and
Jalso your tone of voioe 3 And an important thing is: his not oy apples fo { General advice |
Halking 0 ohrs, bt 1o 10 talking o yoursat] & Self alk can b very J
oo, Lot soowher| ot At st cal o whonyou v 4
e can ek
¥
[Bot: When practng sl k. we otn use sentences calld"shouk”or Therapeutic question
st sttemerts - Haveyou heard slore? (Close-anded)
[
[
[Bok T oxplan! 5o, whon you use T e or T shou na T e e T "
et o 7 oot Thts gratin ht case ugges wo o seagh o e pont P—
( ] eting...Notice how 1 sounds =
k eding to do
e T I A e Therapeutic question 3
, Shor"Shoula” o must’ stalomont about a goal you ao g fo (Open-ended)
*achieve. For example: *I must be physically active an hour each day." | (We coded this type of response
like " or " should walk ‘gonna write, lats have a try! in CBT as "Therapautic:
(Cioseanded) 15500 Siepoa gy ol e an bigaton ran? avestion’ )
User: (froe_input) ‘
User: .1 uess 5o ¢ )
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Figure 4.C.1: Examples of expert-crafted dialogues in cognitive behavioral therapy (CBT) with psychotherapeu-
tic topic "should statement”. The expert-crafted dialogues contain 1) psychotherapeutic topics, 2) therapeutic
questions (both open-/close-ended questions), 3) reflections, 4) general advice, 5) dialogue flows pre-designed

by experts.
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4.D Prompt Template Used in Study: Pure LLM & LLM-SAG (FT)

Prompt Components Content

Conversation context [The continuously accumulated context of the conversation]

Conversation context:

Therapist: [...]
Client: [...]
Therapist: [...]
Client: [...]
[need]
Task instruction [The base instructions to explain the generation task]
Task:

You are a psychotherapist conducting a session to promote healthier
behavior using Motivational Interviewing (or Cognitive Behavioral
Therapy). The current therapeutic topic is [given topic].

The definition of this topic is [description of the given topic].

Table 4.D.1: The prompt template used in the Study 1 for pure LLM chatbots and LLM-SAG (FT) chatbots.
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4.E Prompt Template Used in Study: LLM-SAG (Prompt)

Prompt Components Content
Conversation context [The continuously accumulated context of the conversation]

Conversation context:

Therapist: [...]

Client: [...]

Therapist: [...]

Client: [...]

[need]
Expert-crafted dialogue [The expert-crafted dialogue script (including both dialogue content and
script flow) for the specific psychotherapeutic topic of the current session.]

All dialogue flows in expert-crafted dialogue scripts of [given topic]:

Flow 1: [Pairs of Therapist-Client Dialogues
Flow 2: [Pairs of Therapist-Client Dialogues
Flow 3: [Pairs of Therapist-Client Dialogues
Flow 4: [Pairs of Therapist-Client Dialogues

Task instruction [The base instructions to explain the generation task]
Task:

You are a psychotherapist conducting a session to promote healthier
behavior using Motivational Interviewing (or Cognitive Behavioral
Therapy) following tree-structured dialogue flows. The current therapeutic
topic is [given topic].

The definition of this topic is [description of the given topic].

Rules to follow:

1. Identify the relevant dialogue tree based on the current conversation
context and user input.

2. At each conversational turn, please use the Tree-of-Thought technique
about the decision point and use Breadth-First Search to go level-by-level
in the dialogue tree. Do not explore deeper branches unless the current
path is chosen.

3. If no exact match is found, please intelligently adapt while staying close
to the current dialogue flow/tree.

4. You can give tailored responses to user input and provide dialogue
diversity, but please keep staying strictly to the given dialogue flow/tree.
5. Follow the dialogue tree structure and generate possible next responses
based on relevance and coherence and with a clear format.

6. If the ongoing conversational topic is finished, please say goodbye to
the user and ask the user to go click the button on the left to evaluate this
chatbot.

Table 4.E.1: The prompt template used in Study 1 and 2 for the LLM-SAG (Prompt) chatbots.
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4.F Prompt Template Used in Study: LLM-SSAG

Step Prompt Components

Content

Step 1 of SSAG

Conversation context

[The continuously accumulated context of the conversation]
Conversation context:

Therapist: [...]

Client: [...]

Therapist: [...]

Therapeutic strategy

[The definition of the therapeutic strategy]
The definition of the therapeutic strategy:
"reflection”: [...]

"question”: [...]

"advice”: [...]

Task instruction

[The base instructions to explain the generation task]

Task:

As a psychotherapist of Motivational Interviewing, please
predict the next appropriate therapeutic strategy only from

the set ["reflection”, "question”, "advice”] based on the
conversation context. The next therapeutic strategy is (are):

Step 2 of SSAG

Conversation context

[The continuously accumulated context of the conversation]
Conversation context:

Therapist: [...]

Client: [...]

Therapist: [...]

Next therapeutic
strategy

[The next therapeutic strategy of the chatbot response]
The next therapeutic strategy is (or strategies are):
“Reflection” or “Question” or “Advice” or their combination
based on the prediction from Step 1.

The definition of the therapeutic strategy: [definition of the
predicted therapeutic strategy].

Task instruction

[The base instructions to explain the generation task]

Task:

You are a psychotherapist conducting a session to promote
healthier behavior using Motivational Interviewing (or
Cognitive Behavioral Therapy). The current therapeutic topic
is [given topic].

The definition of this topic is [description of the given topic].
You should generate the response strictly aligned with the
next therapeutic strategy above.

Table 4.F.1: The prompt template used in Study 2 for the LLM-SSAG chatbots.
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4.G Implementation Details of Generations with LLMs

We utilized the August 2024 edition of GPT-40, coded as gpt-40-2024-08-06 1.
We used openai Python library to generate with GPT-4. We opted for default hyperpa-
rameters, including the temperature as default to control the randomness of genera-
tion. The models were used in compliance with their respective licenses and terms at
the time of the study. OpenAl provides a Terms of Use?.

'https://platform.openai.com/docs/models/gpt-40
?https://openai.com/policies/terms-of-use
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Abstract

Large Language Models (LLMs) deployed through Conversational User Interfaces
(CUIs) are transforming health information-seeking by offering immediate, interac-
tive experiences compared to traditional search engines like Google. However, how
trust may be influenced by both the types of search agents and the interface used
to disseminate the information remains underexplored. This research integrated
two mixed-methods studies (lab sessions and interviews) to comprehensively ex-
plore trust perceptions in health information across different search agents and
dissemination interfaces. In Study 1 (N=21), we conducted a within-subjects lab
experiment to compare trust in health information retrieved from ChatGPT and
Google across three types of health-related search tasks. The findings indicated
that participants generally perceived ChatGPT's responses as more trustworthy
than those from Google. Study 2 (N=20) extended the investigation to explore how
the dissemination interface influenced trust in LLM-sourced health information by
comparing three interfaces: text-based, speech-based, and embodied, all sourcing
from the same LLM. Participants’ trust ratings varied significantly depending on
the interface. Interviews from both studies revealed key factors influencing trust
in LLM-powered conversational search, including source credibility, participants’
search autonomy, and prior knowledge as well as the interaction style and interface
modality. These findings showed that information source and interface play a key
role in trust in health information and suggested a preference for LLM-powered
conversational search to transform health information-seeking. The results un-
derscored the interplay between the credible search agents and the thoughtfully
designed dissemination interfaces in shaping trust. These insights are crucial for
developing effective, trustworthy LLM-powered health tools that enhance the health
information-seeking experience.
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5.1 Introduction

HE RELIANCE on online sources for health-related information has grown

significantly due to their convenience and rapid access. Historically, search

engines like Google have been the main tools for individuals seeking health
information on diseases, treatments, and general wellness advice such as diet and
exercise [23,24,235,236]. However, the emergence of generative Al has introduced
Large Language Model (LLM)-powered conversational agents like ChatGPT as in-
creasingly popular alternatives [237]. These LLM-powered agents engage users in
interactive dialogues, transforming information-seeking into a personalized and
conversational experience [238]. This evolution is particularly significant in health
information contexts, where the ease of access, accuracy, presentation and trust-
worthiness of information directly affect health decisions and outcomes [239-242].
These advancements in search technologies highlight the need for renewed perspec-
tives on how these search agents reshape people’s trust, specifically trust in health
information presented. Mayer et al’s model [41] defines trust as a willingness to
be vulnerable based on expectations of competence, benevolence, and integrity. In
human-AI interaction, Lee and See [43] extend this to viewing trust as an attitude
that an agent will help achieve one’ s goals under uncertainty. In health contexts,
trust also entails a sense of safety in using the information for decisions that may
impact well-being. Work from Sillence et al. [24] reveals that trust is essential in
adopting online health advice, influencing how users evaluate information and
decide whether to act on it. While extensive research has investigated trust in
traditional search engines like Google, the factors influencing trust in LLM-powered
conversational search remain underexplored. With the rise of LLMs, people are
no longer just searching for web-listed information; they are engaging in dynamic
conversations, and factors shaping trust are now more dynamic, complex, and overall
multifaceted [243-245].

LLM can be accessed through various user interfaces that likewise shape user
trust [36,246]. Conversational user interfaces (CUIs), such as text-based chatbots and
voice assistants actas essential links between users and health resources. These inter-
faces enable direct communication with health information and facilitate dialogue be-
tween healthcare professionals and patients [247]. Trust in the information can vary
depending on the interaction style and modality, such as text, speech, or embodied
interactions [30, 248]. Key factors influencing trust in Al-driven health interactions
include the source of information, presentation style, and the design of user inter-
faces that deliver the content. For instance, a trustworthy source presenting health
advice in a clear style within an intuitive interface may foster greater confidence in
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the information provided. Embodied interfaces, which simulate advanced human-
like traits, can enhance engagement but may also raise concerns about authenticity,
privacy, and the “uncannyvalley” effect [249-251]. Thus, it remains unclear how LLM-
powered dissemination interfaces affect public trust in health information searches,
highlighting a gap in understanding their role in health-related information searches.

To better understand the complexity of trust in health-related information, this
work focused on two perspectives: search agents and dissemination interfaces. It in-
vestigated how users perceive information sourced from LLM-powered agents com-
pared to traditional search engines. A better understanding of these perceptions can
inform the design of more effective, user-centered digital health tools, where both
the search process and interface design reinforce trust in online health information.
Conversely, this work also aligned with the need to recognize how interface or con-
tent features, some of which can subconsciously be interpreted as trust cues, may
(un)intentionally be misused, leading to misplaced trust. Designing with such aware-
ness can help prevent unintended harms and promote more responsible health com-
munication.

Giventhe foregoing, this work seeks to address the following three research ques-
tions:

« (RQ1) Does people’ s perceived trust in health-related information differ (a) be-
tween traditional search agents (e.g., Google) and LLM-powered conversational
agents (e.g., ChatGPT)? (b) when the information is delivered through different
dissemination interfaces (i.e., text-based, speech-based, or embodied )?

- (RQ2) Is trust in such retrieved online health information correlated with the in-
herent trust in specific (a) search agents and (b) dissemination interfaces?

« (RQ3) Which factors contribute to perceived trust in personal health informa-
tion across different: (a) search agents and (b) dissemination interfaces?

Toaddress these research questions, we adopted a mixed-method approach, con-
ducting two studies aimed at understanding trust in health information from the per-
spectives of information search agents and dissemination interfaces. The procedure
of these two studies is demonstrated in Figure 5.1. In Study 1, we conducted a within-
subject lab study (N=21) in which participants completed three health-related infor-
mation search tasks using two different search agents: Google and ChatGPT. Trust was
measured at three points—before, between tasks, and after the lab session. Follow-
up interviews were conducted to explore the factors influencing participants’ trust
perceptions. In Study 2, we examined how different dissemination interfaces, specif-
ically text-based, speech-based, and embodied CUIs, influence trust in the informa-
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tion presented. We conducted a within-subject lab study (N=20) where participants
interacted with each of the three interfaces to complete three types of health-related
search tasks. By observing and analyzing participants’ interactions, we aimed to un-
derstand how the presentation of information via different CUIs impacts trust. Follow-
up interviews were also conducted to further explore participants’ motivations be-
hind their trust perceptions.

Several interesting findings emerged from our studies. First, the results revealed
significant differences in trust influenced by search agents (Google and ChatGPT) and
dissemination interfaces (text-based, speech-based, and embodied CUIs). The con-
versational and personalized features in LLM-powered conversational search signif-
icantly enhanced trust compared to Google’s more conventional list-based presenta-
tion. Besides, dissemination interfaces played a crucial role, with text-based CUI gen-
erally perceived as the most trustworthy due to its ease of use and participants’ fa-
miliarity level. Second, we identified common factors contributing to trust variations
across both studies, including prior experience, information presentation style, and
the interactive mechanism with LLM-powered tools. However, some factors differed
by context. For instance, in Study 1, human-like features were highly valued and posi-
tively influenced trust. In Study 2, the introduction of more advanced human-like fea-
tures, such as verbal interactions and embodied interfaces, enhanced engagement
but raised concerns about privacy and the authenticity of interactions, ultimately af-
fecting trust. Third, we proposed implications based on both studies, suggesting that
future research should balance anthropomorphic and personalized features with us-
ability while considering the specific context and modality of health information dis-
semination. This balance helps foster trust and enhances user experience in digital
health tools.

Our work provides empirical evidence on how people perceive trust in Al-
generated health information during online searches. As reliance on online health
information grows, ensuring the trustworthiness of these eHealth tools is considered
crucial. By examining how participants perceive trust in LLM-powered conversa-
tional agents compared to traditional search engines within dissemination interfaces,
we highlight the critical role of design, specifically usability, familiarity, and inter-
action modality, in shaping trust perceptions in retrieved and delivered health
information. Our findings suggest practical guidelines for developing trustworthy
and user-centered eHealth tools, emphasizing the enhancements of reliability, trans-
parency, and engagement of digital health information search. These insights may
inform future research on designing and evaluating trust-building strategies in LLM-
powered digital health tools, ensuring that such tools are reliable, user-centered,



122 | 5. TRUST IN HEALTH INFORMATION FROM LLM-POWERED CONVERSATIONAL SEARCH

and capable of effectively addressing diverse user needs in the evolving landscape of
generative Al

(a) Study 1
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Figure 5.1: Visual summary of the studies in this paper. (a) Study 1: Lab study to explore the trust perception in
health information using two search agents: Google vs. ChatGPT; (b) Study 2: Lab study to investigate perceived
trust in health information disseminated by three different conversational user interfaces: text-based, speech-
based, and embodied interface.

5.2 Related work

5.2.1 Theoretical background of trust in health context

Trust is a multifaceted psychological construct central to both interpersonal and
human-technology interactions [43]. Mayer, Davis, and Schoorman’ s integrative
model [41] defines trust as a willingness to be vulnerable to another party based on
the expectation that the party is competent, has benevolent intentions, and acts with
integrity. In the context of human-AlI interaction, Lee and See [43] extend this to au-
tomation, defining trust as “an attitude that an agent will help achieve an individual’
s goals in a situation characterized by uncertainty and vulnerability.” Building on this,
McKnight et al. [252,253] highlight that trust in technology is shaped by several factors,
including perceived usefulness, ease of use, reliability, credibility, and potential risk
involved.

In healthcare contexts, trust becomes even more critical due to the sensitive na-
ture of health information and its potential impact on health decision-making [37,38].
Here, trust is not simply about believing the information provided but also about
feeling safe to rely on it for meaningful decisions that can affect well-being. The
continuous evolution of healthcare, driven by technological innovation, demands
that trust-building mechanisms also adapt to changing user perceptions and techno-
logical capabilities. Understanding how trust forms in digital health environments
requires both theoretical grounding and empirical validation. Work from Johnson
et al. [254] identifies three core dimensions that shape trust in online health infor-
mation: (1) source credibility, (2) content relevance and reliability, and (3) system
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design and usability. These dimensions directly informed the design of the work by
guiding our focus on (1) comparing trust across different source agents (i.e., Google
vs. ChatGPT) to assess source credibility, (2) examining perceived trust in the content
provided across tasks to reflect content relevance, and (3) evaluating how different
user interfaces (text-based, speech-based, and embodied) impact usability and
overall trust perceptions in LLM-powered health information.

Research by others further confirm that these three dimensions of trust
identified by Johnson et al. [254] collectively affect users’ overall trust percep-
tions in health information. Several studies emphasize the importance of source
credibility as a cornerstone of trust [24, 46, 48, 244, 255-258]. Additionally, the
design and usability of health tools strongly influence trust perceptions, with
user-friendly and well-structured systems being more trusted than those with
complex or unclear designs [119, 121, 125, 259, 260]. User-specific factors, such as
prior experience and familiarity level with the system [261], as well as pre-existing
expectations [262], also affect trust. In addition, the quality of health information
itself [263] is essential for fostering trust. Research has highlighted factors such as
the credibility [121,125,140,141,143,264], clarity [254], and relevance [257,261,262,265]
of information as key contributors to user trust. Furthermore, transparency in data
handling, privacy protection, and adherence to ethical standards have emerged as
critical determinants of trust in health contexts [170,266-270].

5.2.2 Trust in health information through web-based search

Online health information searching has become a main way for people to get
health advice due to its convenience [23,271,272]. Over the past decades, web-based
health information search usually relied on search engines (like Google) and some
medical websites [235, 236, 273]. Search engines, with their powerful retrieval capa-
bilities, can offer users a wide range of health information. People can quickly obtain
relevant health information by simply entering related keywords, which is why search
engines like Google have become the primary tool for most people to retrieve informa-
tion [23,274], including health-related information. Additionally, some professional
online medical websites, like NTH [273] and Mayo Clinic [236], aim to provide author-
itative and reliable health information and advice, serving as sources of health infor-
mation online. The growing reliance on online sources for health advice has prompted
extensive research into how people perceive and trust online health information and
its sources [124,125,140,143,243-245,259].

Past research [24,47,256,275] has investigated how people foster trust in online
health information and websites, providing valuable insights into the process of trust
formation. This body of work has been crucial in helping us understand more system-
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atically and scientifically. Not surprisingly, many existing studies emphasize that the
reliability of the information source is very important in this context [46,48,243,244,
255-258,276]. Information from well-known medical institutions, peer-reviewed sci-
entificjournals, or recognized healthcare professionals is more likely to be trusted. On
the other hand, websites with user-generated content or commercial motives are of-
ten questioned [140,259,271,277,278]. Alongside source credibility, the intrinsic qual-
ity of the information itself also plays a crucial role [121,140,141,259,277,279]. Moreover,
how the information is presented also affects its trustworthiness [119,121,125,259]. For
instance, a well-designed, easy-to-navigate website or app is usually seen as more
trustworthy than a platform with a confusing or complicated user interface. Research
also shows that users tend to trust search engines’ ranking algorithms, often perceiv-
ing higher-ranked results as more credible [124,280]. However, concerns about the
potential for search engine manipulation and dissemination of misinformation have
arisen [269, 270, 281]. Emerging concerns about data privacy and ethical considera-
tions are also increasingly influencing trust levels [266, 267, 269]. Transparency re-
garding how personal health data is stored, used, and protected can have a significant
impact on human trust [170,267,268].

5.2.3 Trust in health information through LLM-powered conversational search

Conversational search [29,237] steps into the field of health, with ChatGPT (and
similar commercially available LLM-based chatbot services) demonstrate capability
in handling health-related queries, although research in this area is still in its early
stages. A recent systematic review [239] highlighted as advantages of using ChatGPT
in healthcare settings by offering automated patient consultations, preliminary di-
agnoses, and general health recommendations [240, 241]. However, there are also
concerns about the application of ChatGPT in healthcare. Ethical issues are raised re-
garding the potential biases of the information and the protection of sensitive health
data[239,282]. Hristidis [283] compared ChatGPT and Google for queries related to de-
mentia and other forms of cognitive decline. Results showed that ChatGPT was rated
as more objective and relevant, while Google offered more up-to-dateness and re-
liability. It was not determined how these outcomes determined overall trust. An-
other study [284] found that medical experts considered responses from ChatGPT as
more trustworthy, with 40 percent rating ChatGPT's responses as more valuable than
Google’s. However, all responses from the above studies were assessed by medical
service providers and researchers. It is not yet clear whether the general public, with
more limited domain knowledge, would perceive health-related information differ-
ently. Furthermore, most previous studies focused on the quality of the information
obtained from ChatGPT and Google but not on how this impacted trust perceptions.
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Unlike the extensive literature on search engines like Google, the factors influencing
people’s trust in LLM itself and its responses remain largely unexplored. Studies on
other conversational agents such as chatbots, have identified multiple potential deter-
minats of trust, such as the communication style, the depth of medical knowledge dis-
played, and chatbot “personality” [285]. Studies also suggest that the trustworthiness
of an LLM may be influenced by its consistency in offering health information [286]
and its transparency [287]. Overall, although conversational search by LLM shows
great potential in the health sector, further research is necessary to understand the
trust people have in its information. It is also relevant to compare trust levels between
conversational search agents and traditional search engines like Google for health in-
formation searches.

5.2.4 Trust in conversational user interfaces for health information seeking

As conversational user interfaces (CUIs) become more prevalent in healthcare,
research has focused on factors influencing perceived trust in web-based interfaces,
such as source reliability [46,48, 243,244, 255-258, 274], information credibility [121,
141,143, 259, 2771, quality [121,140, 245,279], and presentation styles [119, 121,124,125,
259].

Building on the foundations of trust in web-based interfaces, Mayer, Davis, and
Schoorman’ strust model [41] highlights the importance of credibility (competence),
user-centric intentions (benevolence), and ethical standards (integrity) in CUIs. Trust
in CUIs for health information seeking varies and influenced by multiple factors such
as individual user characteristics (e.g., prior experience) and interface features (e.g.,
usability, modality, and design). As might be expected, the credibility and relevance
of information are key to perceived trust [254, 274]. In addition, interface design, in-
cluding information presentation and accessibility, and usability [288], also play crit-
ical roles in fostering trust. Persuasive design principles such as social presence and
perceived expertise can also enhance trust [289]. Luger et al. [290] additionally em-
phasize the importance of CUIs exhibiting intelligent behavior and contextual under-
standing to build user trust. Personalizing interactions to individual preferences can
increase trust by enhancing perceived system intelligence. Consistency with users’
expectations [262,290] and prior experiences [290] also reinforces trust, as does the
credibility of information sources [48,243,244,255]. Recently, multi-modal CUIs that
utilize text, voice, and visual cues to deliver information present unique challenges
for trust formation. While these multi-modal interactions can enhance user engage-
ment and understanding [291], maintaining consistent reliability across modalities is
crucial. Moreover, characteristics of voice and visual representation can also influ-
ence trust [292-295]. Therefore, providing consistent and reliable information, and
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interaction across modalities is essential to sustain trust.

With the advancement of CUIs with multi-modal capabilities, significant ethical
and privacy challenges emerge, impacting user trust. Transparency about data stor-
age, usage and protection is vital for user security [266,296,297]. The collection and
use of sensitive health data require stringent data protection. Additionally, the poten-
tial misuse of CUIs, such as spreading harmful or misleading information [16], raises
critical ethical concerns, particularly in health context. Thus, robust ethical guidelines
and data protection policies are necessary to ensure CUIs are trustworthy and ethi-
cal tools for health information seeking. As these interfaces evolve, ongoing research
is essential to address the challenges of trust and harness the full potential of LLM-
powered CUIs in the health contexts.

5.3 Study 1: Comparison of search agents for health information

seeking

We conducted a mixed-methods study consisting of a controlled experimental
lab study followed by semi-structured interviews. In the lab study, we employed a
within-subjects design to examine how people interact with two different search
agents: the search engine Google and the LLM-powered agent ChatGPT.

We conducted a mixed-methods study consisting of a controlled experimental
lab study followed by semi-structured interviews. In the lab study, we employed a
within-subjects design to examine how people interact with two different search
agents: the traditional search engine Google and the LLM-powered conversational
agent ChatGPT.
5.3.1 Study Methods
Participants

A power analysis using G*Power [207] indicated that a minimum of 20 partic-
ipants were needed to detect a medium effect size with an alpha level of .05 and
80% power. Accordingly, we recruited 21 participants (N=21) through the institute’s
recruitment system at the University of Amsterdam. Participation was voluntary and
informed consent was obtained before the lab sessions. Each participant received a
monetary compensation according to the institute’s guidelines. Participants were
required to be fluent in English and experienced in online information searching.
The study received approval from the ethics and data protection committee of the
University of Amsterdam (ID: FMG-2336-2023)

The characteristics of participants are summarized in Table 51. Most partic-
ipants (71.4%) were between 18 and 24 years old. Regarding education, 47% held



5.3. STUDY 1: COMPARISON OF SEARCH AGENTS FOR HEALTH INFORMATION SEEKING | 127

undergraduate degrees, 47.6% had postgraduate qualifications, and 4.7% held doc-
torate degrees. Participants represented various academic fields: 47.6% from social
sciences, 19% from business and commerce, 14.3% from computer and information
technology, and 191% from other sectors. In terms of online health information
seeking, 42.8% frequently used online sources, 52.3% occasionally, and 4.7% rarely or
never relied on online resources.

Demographic Categories Numbers of
Participants (%)
Gender (N=21)
Female 16 (76.1%)
Male 5(23.9%)
Age
18-24 15(71.4%)
25-34 5(23.8%)
65+ 1(4.8%)
Education
High school 1(4.7%)
Bachelor 9 (42.9%)
Master 10 (47.6%)
Doctor 1(4.7%)
Professional Domain
Social Science 10 (47.6%)
Business and Commerce 4 (19.0%)

Health and Medical Science 1(4.7%)
Computer Science & Information Technology 3(14.3%)
Other 3(14.3%)

Frequency of online health
information seeking

Often 9 (42.8%)

Sometimes 11 (52.3%)

Rarely 1(4.7%)
Frequently used search agent

Search engine 21 (100%)

Conversational agents 15(71.4%)

Social media platforms 8 (38.0%)

Table 5.1: Characteristics of participants in Study 1.

Search agents

We used two search agents for health information in this study, as shown in Fig-
ure 5.2: Google and ChatGPT. The study was conducted in the institute’s experimental
behavioral research laboratory facility in a quiet room with desktop computers run-
ning the Windows operating system. Participants accessed both search agents via
Chrome browser (version 117.0.5938.92) by visiting their official websites. For interac-
tions with ChatGPT, participants used the GPT-4 model (without web browsing capa-
bility). This setup ensured all participants had a consistent experience while using
up-to-date technology for each search agent.
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Google

n Is it possible to develop an allergy at birth o later i life?

Butit's possible to develop an allergy at any point in your lfe. You may
even become allergic to something that you had no allergy to before. [ ves s possibie o deveiop an allergy both at bt andlater in e Here's abreakdown

AtBirth or Early Infancy:
* Food Allergi

O et oms b com e et
Can You Develop Alergies Later in Life? - Healthline

° -

Related questions

Can you suddenly.

Adult-Onset Allergies: How They Happen and How to

Reasons for develoy ot always clear

Figure 5.2: Interface of search agents with a search task example using the first type of search task (informational
health questions): 'Is it possible to develop an allergy at birth or later in life?’

Search tasks

In this study, search tasks were health-related questions that we asked partici-
pants to find answers to during the lab session. Each participant completed six search
tasks, selected from an open-sourced dataset [298] with individual health questions
from Yahoo [299], which contains personal health-related questions labeled by types.
We pre-selected 25 questions from each of the three types to ensure diversity and
comprehensiveness. The complete list of questions used in the study is included in
Appendix 5.A.1. Three types of personal health-related questions are described as fol-
lows:

General health questions. This group of questions aims to gather general knowl-
edge or facts about a specific health topic. Examples include: "Do you have information
about Weight Control?”; "Do you have information about Vitamin D?”

Symptom and cause-related health questions. This group of questions revolves
around understanding symptoms or causes associated with particular health condi-
tions. The example questions are: "What are the symptoms of the eating disorder?”;
"What causes Memory loss?”

Treatment-related health questions. This group of questions seeks information
about potential treatments for specific conditions. Examples include: "What are the
treatments for dry eye syndrome?”; "How can I lower my heart rate?”
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Measures

Before the lab study, we inquired about demographic information and their us-
age experience with different search agents. During the study, we measured partici-
pants’ trustin health-related information obtained from the two search agents. Below,
we detail the specific measurements used.

Propensity of trust in technology. To gauge participants’ inherent trust in tech-
nology, we administered a pre-study questionnaire [300] that assessed their general
tendency to trust technology. This scale consists of six items rated on a 5-point Likert
scale (from 1=Strongly Disagree to 5=Strongly Agree). An example item was: "I think it’
sagood idea to rely on technology for help.”

Human perceived trust in health-related information. After each search task, par-
ticipants rated their trust in the retrieved health information. We used the validated
‘Trust of Online Health Information’ questionnaire [254,301] to assess the credibility,
reliability, and believability of information. This survey included eleven items rated
on a 5-point Likert scale (from 1 = Strongly disagree to 5 = Strongly agree) with a Cron-
bach’s alpha of .95 in our study. An example item was: "The information appears to be
objective.”

Human perceived trust in the search agent. Participants rated their trust in search
agents’ ability to deliver health information after completing all three search tasks
with each agent. The 'Model of Online Trust of Health Information Websites' question-
naire [274], consisting of 15 items on a 5-point Likert scale (from 1= Strongly disagree
to 5 = Strongly agree) (Cronbach’s alpha=.62) was used to assess trust in agents. An
example item was: "The search agent (e.g., Google) provides truthful information.”

Intention to use search agent for health-related information searching. We mea-
sured participants’ intention to use the specific search agent for health information
with a single item on a 5-point Likert scale (from 1 = Strongly disagree to 5 = Strongly
agree). The item was phrased as follows: "I would intend to use Google (or ChatGPT) for
health-related information seeking.”

Study procedure

The overview of Study 1 procedure is outlined in Figure 5.1. Before the lab session,
all participants provided informed consent according to the institute’s guidelines. We
employed a within-subjects design with two conditions: searching with Google and
searching with ChatGPT. Each participant completed three distinct search tasks using
one search agent and then another three different tasks using the other agent, with
taskorders and agent usage counterbalanced to mitigate orderbias. Participants were
allowed to interact freely with the assigned search agent until they found a satisfying
answer. After each search task, we asked participants torate their trust ininformation
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viaabrief survey. Upon completing all tasks with each search agent, participants rated
their overall trust in the agent itself.

Following the lab, we conducted semi-structured interviews lasting about 25
minutes to identify participants’ interactions with the agents and their reasoning
behind their trust ratings. The interviews began with general questions about par-
ticipants’ daily use of different tools for online health information search, followed
by specific questions about their experiences with each search agent, such as “How
do you validate the information you receive from Google?” and “How do you feel about
the answers retrieved from ChatGPT?” The interviews concluded with a discussion
comparing their experiences with both agents and considerations for potential im-
provements. The same question phrasing was used for Google and about ChatGPT to
enable comparison of the answers. The interview protocol used in Study 1is included
in Appendix 5.B.1.

Data analysis

We collected both quantitative and qualitative data to understand how people in-
teract with two different search agents for health information and assess trust in the
health information obtained from these agents.

For the quantitative analysis, we first confirmed the robustness of our data by
conducting the Shapiro-Wilk test [208] to check for normality and Bartlett’s test [209]
to assess variance homogeneity, ensuring our data met the assumptions needed for
further analysis. We then used two-way repeated-measures ANOVA [302] and paired
samples t-test [303] to identify differences in trust perceptions between the agents,
alongside performing correlation analyses to explore variable relationships.

We conducted a thematic analysis [304] of the qualitative interview data. Initially,
the first three authors transcribed the interviews to familiarize themselves with the
data. Subsequently, three coders open-coded the same transcript independently to
develop an initial codebook that guided further coding. With the agreed-upon code-
book, three coders divided and independently coded the remaining interviews. Codes
were iteratively refined and expanded as new insights emerged. We did not seek inter-
rater reliability (IRR) because we viewed coding as a method to explore open-ended
research questions about trust factors, rather than as the primary output of our re-
search (see recommendation by [305]). The coders met regularly to review their work
and ensure consistency in their coding. Together, they discussed themes relevant to
our research questions, identifying patterns that emerged across the interviews.
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Google ChatGPT

Mean (SD) Mean (SD)
Propensity of trust in technology (PPT) 3.87 (.33)
Trust (search task 1) 3.69 (.90) 4.01(.74)
Trust (search task 2) 3.81(.89) 4.10(.74)
Trust (search task 3) 3.82(.88) 4.03(.81)
Trust (Avg of three tasks) 3.77 (.64) 4.05 (.47)
Trust in search agent 3.31(.99) 3.58(.98)
Intention to use 3.57 (.49) 3.52(.85)

Table 5.2: Descriptive statistics of variables in Study 1, while the statistical results are shown in Figure 5.3.
Search task 1 is General health questions, search task 2 is Treatment-related questions, and search task 3 is
Symptoms and Diagnosis-related questions.

5.3.2 Quantitative Findings: Lab Sessions

Descriptive statistics

We measured participants’ general trust in technology, their trust in health infor-
mation provided by two search agents, and their trust in the agents themselves. The
descriptive results are presented in Table 5.2. The average propensity of trust in tech-
nology among participants was moderately high, indicating a general positive trust
towards technology. Trust in health information varied between search agents; par-
ticipants generally trusted information from ChatGPT more than from Google. Trust
in the search agents also reflected a preference for ChatGPT over Google.

Human trust in health-related information differs by search agents

We conducted a two-way repeated-measures ANOVA to compare differences in
trust between two search agents. The analysis was performed to explore if there are
differences in trust, including trust in the retrieved information and search agents.

Google
4.5 ™ ChaiGPT '

25 + '
‘

Search Task
) Task 1
1.5 B Task 2
N Task 3

Trust (Information) Trust (Agent) Google ChatGPT

Figure 5.3: Left: Mean of trust scores (Y-axis shows 1-5 Likert scale) in health information and in search agent.
Horizontal lines with asterisks denote significant differences between agents (*p<.05). Right: Mean of trust
scores in health information for each search tasks separately. Each box represents interquartile range (IQR), the
horizontal line inside indicates the median, and whiskers extend to 1.5xIQR. Individual dots represent outliers.

As illustrated in Figure 5.3, the analysis revealed a significant main effect of the
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search agent on trust in health-related information, F'(1,20) = 6.73,p = .017, and
n? = .057. This suggests a notable difference in trust, with ChatGPT generally being
trusted more than Google for health-related advice. Trust levels did not show signif-
icant changes across different types of search tasks, '(2,40) = 0.63,p = .480, with
n? = .006. This indicates that the type of health question did not significantly influ-
ence trust in the retrieved information. The interaction between search agents and
task types was not significant, £'(2,40) = 0.20,p = .777,and »? = .002. This indi-
cates that trust differences between the agents were consistent across various search
tasks, confirming the stability of trust across different types of search tasks.

Additionally, we did a paired sample t-test to explore the human perceived trust
in the search agent itself. The trust scores in Google and ChatGPT as search agents
were statistically significant with the difference in means as 0.27, t(21)=-2.53, p=.02, Co-
hen’s d=0.55 (see in Figure 5.3).

Correlation of trust across search agents

We conducted a Pearson correlation analysis to explore the relationships
between measured variables, detailed in Figure 5.4.
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Figure 5.4: Pearson correlation with measured variables, including propensity to trust in technology (PPT), trust
in health information (Trust-Info-), and agents (Trust-), and intention to use the agent for further health informa-
tion searches (Intention-). Significant correlations are marked (**p<.01, *p<.05).

Significant findings included a positive correlation between trust in health infor-
mation from Google and trust in Google as a search agent, indicating that higher trust
ininformation correlated with higher trust in the agent itself. For ChatGPT, while trust
initshealth information also positively correlated with trust in ChatGPT, it was not sta-
tistically significant. Additionally, there was a notable positive correlation between
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general trust in technology and trust in health information from ChatGPT, but this
correlation did not extend to trust in ChatGPT as a search agent. No significant cor-
relations were found between general trust in technology and trust in Google, either
as a source of information or as a search agent. Moreover, intention to use ChatGPT
for health information correlated positively with the propensity of trust in technology,
a correlation absent with Google.

5.3.3 Qualitative Findings: Semi-Structured Interviews

In this section, we report on themes generated from interview data to under-
stand the formation of trust. The findings are organized into two sections: How do
people search for health-related information provides a contextual overview of how in-
dividuals utilize online sources to find health-related information and offers insights
into the scenarios in which trust is shaped. What factors influence trust in information
illustrates the factors that influence trust in information retrieved from two different
agents.

How do people search for health-related information?

Searching online is a pre-step to deal with health-related problems. Although our
participants regularly search online for various health-related topics, none face sig-
nificant health concerns. The major topics for online searching include diet and exer-
cise (P2, P14-15, P17, P19, P21), accident treatment such as tore a muscle (P2), personal
health conditions such as allergies (P6), and mental health issues (P4). Since most par-
ticipants considered health-related information serious, they approached informa-
tion searching cautiously, withholding a degree of trust because “Everything I see on
the Internet isn't necessarily true” (P4). Participants typically didn't expect to find a
perfect solution when searching online. Instead, they aimed to refresh their existing
knowledge, learn general information about the topic, or gain direction for the next
step. After searching, participants selectively adopted online advice depending on the
importance and urgency of health matters, as well as the practicality and risks of the
advice.

“So if it says like it take a pill or something like that,  won't take it. But if says
like, drink water, stay in bed, of course, I'll do that.” - P10

People use their own combinations of sources for health-related information.
People have their own preferences for health information sources, including forums,
social media, and certain websites. Participants recognized the credibility and
practicality of specific resources based on their experience. For instance, many
participants trusted official web domains like the website of national health organi-
zations and Google Scholar (P1-2, P4-12, P14-21). Some participants naturally trusted
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big brands like Google (P7). Others considered social media reliable because influ-
encers demonstrations help them match symptoms more practically (P11, P17, P19).
Additionally, people do not rely on a single resource but a combination of multiple
sources. “Double-check if another source says the same, make a comparison” (P9) helps
participants validate the information. To incorporate ChatGPT into the landscape of
information sources, participants suggested a scenario where ChatGPT is used as a
preliminary step before conducting searches on Google:

“But alsoifIdidn’t know anything about a health issue, I could look it up on the

ChatGPT first to also like get a sense of direction. What this could be related

to and then continue my search on Google.” - P1
What factors influence trust in information?
Previous experience of using an agent influences people’s trust. Judgment on the
trustworthiness of retrieved information largely depends on participants’ prior
knowledge of the topic, which helps them assess the information. However, several
factors differentiating ChatGPT from Google also influence trust. Previous positive
and negative experiences influence people’s current trust in search agents. Positive
experiences of recovering after following online advice increase trust in that source
(P11), whereas negative experiences with misinformation create uncertainty:

“ChatGPT can give me some results really quickly, but if I copy the DOl number
and double-check it, you'll find they're totally wrong. [...] So that’s one of the
important reasons I don't fully trust ChatGPT.” - P8

Compared to Google, ChatGPT is a new tool with which most participants have lim-
ited experience. While people are still figuring out how to search for health-related
information with ChatGPT, their trust may be influenced by “news and rumors” (P21).
On the other hand, many participants use Google by default, but trust is weakened by
experiences like excessive commercial information (P1-2, P4, P10-11, P13, P16, P18-19,
P21) and “filter bubbles” (P7) that isolate information to personalize searches [306].

Information presentation influences people’s trust. Our participants believed that
presenting information in a professional yet understandable form is crucial for trust.
Thisincludeslanguage expression, information structure, and visual cues. First, is the
language expression. Our participants believed the medical field is highly specialized
and health information often contains specific terminology. They think that profes-
sional use of language and terminology enhances the credibility of the information
but also makes it harder for them to understand the topics they're searching for (P1,
P2, P17). Besides terminology, the tone of language expression also affects trust, such
as the use of passive voice and confidence in expression. The passive voice helps con-
vey objectivity, leading to greater trust (P17). Furthermore, the confidence with which
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ChatGPT delivers information significantly impacts participants’ trust. An uncertain
answer that includes terms like “maybe” or “I'm not sure” (P10) lowers trust. However,
an overly certain answer can also appear untrustworthy:

“if it's too, too confident in stating this and this leads to this [...], (I'll) trust less,
Because the answer it's never so straightforward.” - P16

Other factors, such as information structure and visual cues, also play arole in shaping
trust. A well-structured response guides participants to understand the result, and a
logical flow enhances the reliability of the information (P11). In the context of Google,
visual cues, such as being "very colorful” (P14) or having "unprofessional logos on the
websites” (P4), can lead to lower trust regardless of the content of the information.
Autonomy influences trust In most cases, control of the search process increases peo-
ple’s certainty and trust in the answer. Google provides more control, giving partici-
pants autonomy in each step. Access torich information enhances trust because “with
Google you have more the feeling that you have your own judge”(P13). However, this
method is not always preferred, especially when lacking knowledge for evaluating the
information.

“The more information you see, the more overwhelming it can also get, so you
may find out you don't know everything from googling too much. And then
ChatGPT typically can make it easier and give you (information) more trust-
worthy.” - P16

On the other hand, our participants shared that if they have enough domain knowl-
edge to evaluate answers from ChatGPT, a straightforward and highly relevant answer
from ChatGPT is preferred (P1, P5, P7, P9-11).

Human-like interaction influences trust The major difference between searching
with Google and ChatGPT lies in the interaction. The way participants interacted with
agents influences their trust, and preferences for these interactions vary depending
on the situation. Many participants compared interacting with ChatGPT to talking
with a human. The human-like dialogue with ChatGPT allows participants to follow
up on specific details and receive personalized responses. This context-aware pro-
cess enhances trust, particularly in personal situations, such as when participants
were trying to understand potential causes of pain in specific parts of the body (P11).

“You can just ask it (ChatGPT) like you would ask your friend and it under-
stands what you're talking about.” - P2

Personalization influences trust When discussing improvements to Al tools that
could increase trust, participants frequently mentioned personalization. Health
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information varies across regions due to differences in medical systems between
countries (P2, P20) and at an individual level based on personal symptoms or aller-
gies (P14). To increase trust, our participants want ChatGPT to tailor its answers by
considering these regional and individual differences. For example, act as a mediator
to facilitate appointments with doctors, and proactively inquire about personal
situations like a human doctor (P2, P14).

“(ChatGPT) will ask you some relevant questions about your symptoms and
maybe then, it can also find more specific information for you. Maybe it's a
different story if you're a man and you're 80 years old, than if you're a woman
and you're 18 years old like that, maybe it would give you different informa-
tion.” - P14

5.4 Study 2: Comparison of dissemination interfaces for health
information

We employed a mixed-methods approach including lab sessions and semi-
structured interviews. A within-subjects design was used to examine how partici-
pants interact with different LLM-powered CUIs for health information seeking.

5.4.1 Study Methods

Participants

A power analysis using GPower [207] determined that at least 15 participants
were needed to detect a medium effect size with an alpha level of .05 and 80% power.
We recruited 20 participants (N=20) through the institute’s recruitment system.
Participants had to be fluent in English, and participation was voluntary. Informed
consent was obtained prior to the lab sessions. Participants received compensation
in accordance with institute guidelines. The study received approval from ethics and
data protection committee of the University of Amsterdam (ID: FMG-8695-2024).

The demographic information of the participants is listed in Table 5.3. Par-
ticipants were aged between 18 and 34 years, with 80% falling in the 18-24 age
bracket. Participants came from a variety of professional fields: 40% from Business,
Economics, and Law, 25% from Arts, Culture, and Entertainment, 10% from Health
and Medical Sciences, 10% from STEM, and 15% from other fields. Regarding edu-
cational backgrounds, 55% had undergraduate degrees, and 45% held postgraduate
qualifications. As for online health information-seeking experience, 10% frequently
used online sources, 75% occasionally searched online, and 15% rarely or never used
online resources.
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Demographic Categories Numbers of
Participants (%)
Gender (N=20)
Female 16 (80%)
Male 4 (20%)
Age
18-24 16 (80%)
25-34 4 (20%)
Education
Bachelor 11 (55%)
Master 9 (45%)
Professional Domain
Health and Medical Science 2 (10%)
Business, Economics, and Law 8 (40%)
Arts, Culture and Entertainment 5(25%)
Science, Technology, Engineering, and 2 (10%)
Mathematics
Other 3(15%)
Frequency of online health
information seeking
Often 2 (10%)
Sometimes 15 (75%)
Rarely 3(15%)

Table 5.3: Characteristic of participants in Study 2.

Dissemination interfaces

As shown in Figure 5.5, Study 2 utilized three distinct LLM-powered conversa-
tional user interfaces: a text-based, a speech-based, and an embodied interface.

(a) text-based interface (b) speech-based interface (c)embodied interface

Figure 5.5: Three dissemination interfaces were used in the lab study for participants to complete the health-
related search tasks.

Text-Based Interface: We developed a web-based chat interface utilizing the GPT-4
model [83] to realize straightforward, text-only interactions. This setup aimed to as-
sess user trust in information provided solely through text.

Speech-Based Interface: Verbal interactions were enabled through an Amazon Echo
Dot, also powered by the GPT-4 model, allowing users to engage in natural, spoken
conversations and ask follow-up questions. The wake word like 'Hi Alexa’ was elimi-
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nated. The device displayed a 'hello’ indicator only during the initial activation, with a
light at the bottom serving as the sole interaction indicator.

Embodied Interface: This setup featured a self-built body, incorporating a mobile
phone to display simple virtual facial expressions as the “face”. This embodied
interface featured a physical, body-shape presence, enhancing the interaction with a
tangible form. A small speaker placed inside the body served as the output for vocal
responses, connected to the GPT-4 model to ensure consistency across interfaces.
This interface was designed to investigate the influence of a physical presence on
user trust. The embodiment interface employed basic expressions to focus solely on
the effect of physical presence on trust, avoiding biases from advanced features like
human likeness or varied expressions.

Search tasks

The search tasks in this study were designed to align with those used in Study 1
to ensure consistency which is introduced in Section 5.3.1. The tasks included 75 ques-
tions, categorized into three distinct types of health questions: general, symptom, and
treatment-related questions.

Measures

To ensure consistency, the measures used in this study were aligned with those
in Study 1. Additionally, we assessed participants’ background using validated instru-
ments before the lab study. Al literacy was measured using an 11-item scale [307] on
a 5-point Likert scale (1 = Strongly Disagree to 5 = Strongly Agree), assessing partici-
pants’ familiarity and comfort with Al (e.g., “I can distinguish if I interact with an Al or
areal human”). eHealth literacy was measured using the 8-item eHEALS scale [308],
also on a 5-point Likert scale, measuring participants’ ability to find, assess, and use
online health information (e.g., “I know how to find helpful health resources on the
Internet”). During the lab study, perceived usability was evaluated using two items
from the UMUX-Lite scale [309], again on a 5-point Likert scale (e.g., “The interface
meets my requirements for health information seeking”). Intention to use each inter-
face was measured with a custom single item adapted from TAM3 [310] on a 5-point
Likert scale: “Assuming I have access to a [text-based/speech-based/embodied] inter-
face, Iwould intend to use it for health information seeking.”

Study procedure

The overview procedure of Study 2 is illustrated in Figure 5.1. Prior to the lab ses-
sion, all participants provided consent in accordance with the institute’s guidelines.
The study involved evaluating interactions with three different interfaces: text-based,
speech-based, and embodied. To prevent bias, these interfaces were presented in a
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counterbalanced order. Each participant engaged in three search tasks per interface,
resulting in a total of nine tasks across the three interfaces. Participants were allowed
to interact freely with each interface, including asking follow-up questions until they
were satisfied with the answers. After completing each search task, participants rated
how much they trusted the information they received. Once all three tasks for a spe-
cific interface were finished, participants provided an overall assessment of that in-
terface, focusing on trust, usability, and their intention to use it in the future.

Each lab session ended with a 15-minute semi-structured interview, where par-
ticipants discussed their experiences with the interfaces. These interviews also ex-
plored the factors that influenced their trust and included comparative evaluations of
the interfaces, allowing participants to offer suggestions for improving the delivery of
trustworthy health information. The interview protocol used in Study 2 is included in
Appendix 5.C.1

Data analysis

For the quantitative data, we first checked the data for normality using the
Shapiro-Wilk test [208] and for homogeneity of variance with Bartlett’s test [209].
We then performed a descriptive analysis to capture the essential data features.
Subsequently, we utilized Pearson correlation analysis [311] to identify the significant
relationships among key variables. To explore differences in trust levels across
interfaces and types of search tasks, we conducted a Mixed Linear Model (Mixed.M)
regression [312] controlling the variables such as the usability level of the interface
based on the correlations analysis. This approach provided a more detailed un-
derstanding of the factors influencing perceived trust in the information provided.
Lastly, we conducted a mediation analysis to determine whether usability levels
played a mediating role in influencing trust across interfaces.

For the qualitative data, we employed a thematic analysis [304] to examine in-
terview responses, aiming to understand how trust in health information varies with
different interfaces. To maintain consistency with Study 1, we followed the same anal-
ysis approach described in Section 5.3.1.

5.4.2 Quantitative Findings: Lab Sessions

Descriptive statistics

We conducted a descriptive analysis to examine the characteristics of this study
sample. Detailed results are presented in Table 5.4.

Our findings showed that participants generally had a positive attitude towards
technology, with an average PPT score of 3.87. eHealth literacy and Al literacy were
also moderately high. Besides, usability ratings were highest for the text-based inter-
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Text-based Speech-based Embodied
Mean (SD) Mean (SD) Mean (SD)
Propensity of trust in technology (PPT) 3.87(.33)
eHealth literacy 3.68 (.47)
Al literacy 3.70 (.26)
Prior experience (familiarity) 3.60 (.75) 2.35(.88) 1.60(.75)
Trust in information 4.19 (.42) 4.13 (.46) 4.00 (.48)
Trust in user interface 3.73(.37) 3.57 (.46) 3.56 (.44)
Usability level of user interface 4.05 (.43) 3.55(.67)
Intention to use 3.55(.86) 3.05(1.07) 2.70(.95)
Accuracy (speech recognition) / 83.3% 88.3%
Follow-up questions (out of 60) 10 7 14

Table 5.4: Descriptive statistics of the measured variables in the lab study. The Propensity of trust (PPT), eHealth
literacy and Al literacy were assessed during the pre-survey phase. (All measures above used a 5-point scale
ranged from 1 to 5)

face, compared to the speech-based and the embodied interface, indicating that par-
ticipants found the text-based interface easier to use, which correlated with their in-
tention to use these interfaces for health information. Regarding the familiarity level
with the interfaces, participants were most familiar with the text-based interface, fol-
lowed by the speech-based and embodied interfaces. In terms of the intention to use
the specificinterface for health information search, participants most intended to use
a text-based interface, followed by the speech-based and embodied interfaces.
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Figure 5.6: Left: Mean scores for perceived trust in health information, trust in the interface, usability, and
intention to use, across three interfaces (text-based, speech-based, and embodied). Right: Median trust scores
in health information across three search task types (information, symptom, and treatment-related) for each
interface. Statistical comparisons across conditions are detailed in Table 5.5. Significant differences (**p<.01,
*p<.05) were found between interfaces on trust, usability, and intention measures.

Figure 5.6 (left) summarizes mean trust levels in information and interfaces
and usability levels. The right figure shows median trust levels in health information
across three types of health-related search tasks: informational, symptom-related,
and treatment-related information. Participants trusted the health information
from the text-based interface the most, followed by the speech-based and embodied
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interfaces. Trust in the interfaces themselves showed a similar pattern: highest for
the text-based interface, then the speech-based, and lastly the embodied interface.
Trust levels were relatively consistent across different types of search tasks in all
three interfaces as shown in Figure 5.6 (right), indicating similar trust in these types
of search questions regardless of the interface used.

Additionally, we assessed the recognition accuracy of the speech-based and em-
bodied interfaces, with each participant completing three tasks per interface, total-
ing 60 tasks each. For the speech-based interface, 10 tasks required one repetition
and 3 required two, resulting in an accuracy of 83.3%. The embodied interface had 7
tasks needing one repetition and 3 needing two, with an accuracy of 88.3%. Follow-up
queries were most common with the embodied interface (14 tasks), followed by the
text-based (10 tasks) and speech-based interfaces (7 tasks).

Correlation analysis
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Figure 5.7: Pearson correlation with key variables (**p<.01, *p<.05). Note: "PPT” means participants’ propensity
of trust in technology; "eHealth” and "Al” are participants’ eHealth and Al literacy; "Trulnf” represents human
perceived trust level in health information obtained; "TruUI” means human trust level in the user interface; "Fam-
" is the familiarity level of each ; "Txt, Spe, Embd” reprent three CUIs respectively.

The results of Pearson correlation analysis in Figure 5.7 revealed relations among
key variables.

For the text-based interface, there was a significant correlation between trust in
the information and usability level (r(20) = .47, p < .05), as well as between trust in the
information and trust in the interface itself (r(20) = .58, p < .01). In the case of speech-
based interfaces, trustin the information was significantly correlated with trustin the
interface (r(20) = .52, p < .05). Trust in the interface, in turn, showed a significant cor-
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relation with usability level (r(20) = .69, p < .01). For embodied interfaces, trust in the
information significantly correlated with trust in the interface itself (r(20)=.76, p<.01)
and usability level (r(20)=.64, p<.01). Additionally, trust in the interface was signifi-
cantly linked to usability level (r(20)=.56, p<.05). These results highlight a consistent
pattern: across all types of interfaces, trust in health information was closely related
totrustinthe interface. Additionally, trust in the health information was strongly con-
nected to the usability level, particularly for text-based and embodied interfaces.

Human trust in information differs by dissemination interfaces

Scores Coef. () Std.Err. P-value
Trust in information (Text vs. Embodied) .189 .090 .035
Trust in information (Text vs. Speech) .009 072 .898
Trust in information (Speech vs. Embodied) .180 .058 .002
Trust in interfaces 213 121 .078
Usability level .187 .064 .004
Familiarity level 064 .035 .062

Table 5.5: Results from the Mixed Linear Model (MixedLM) analysis. The coefficient (“Coef”) represents the
estimated effect size of a predictor variable on the dependent variable (“trust in information”). The P-value
represents the significance level of the differences.

The correlation analysis identified significant relationships between usability,
trust in the interface, and trust in the information provided. Following these findings,
we applied a Mixed Linear Model (MixedLM) [312] regression to control for variables
such as usability, trust in the interface, and familiarity in each interface.

The MixedLM indicated significant differences of trust in health information dis-
seminated between text-based and embodied interfaces (3 = .189,p = .035) and
between speech-based and embodied interfaces (3 = .180,p = .002). These differ-
ences were largely influenced by usability which can significantly predict the trust in
the information (3 = .187,p = .004). There was no significant difference in trust
levels across various types of search tasks (p = .510), suggesting that trust remains
consistent regardless of the type of health-related question. A mediation analysis fur-
ther confirmed that usability mediates the trust in information from various inter-
faces with indirect effect (3 = .154, p < .001) and direct effect (3 = .098.,p = .277),
suggesting the full mediation. These findings highlighted that usability and trust in
the interface are crucial factors affecting trust in information.

5.4.3 Qualitative Findings: Semi-Structured Interviews

This section outlines themes from the interviews: First, we explored ‘what
factors impact trust perceptions in health information disseminated by different inter-
faces”. Second, we explored “how to improve LLM-powered CUIs for trustworthy health



5.4. STUDY 2: COMPARISON OF DISSEMINATION INTERFACES FOR HEALTH INFORMATION | 143
information seeking”.

What factor impacts trust perceptions in health information disseminated by differ-
ent interfaces?

Prior experience and familiarity with the interface influence trust in information.
Prior experience and familiarity with the interface are key factors in establishing trust
in the information, as supported by our quantitative findings. Interviews indicated
that participants’ trust was primarily influenced by their familiarity with different in-
terfaces and their habits in seeking online health information (P2-3, P5, P8-10, P11-
12, P14, P16). For example, participants who frequently used Google or professional
health websites found text-based interfaces more familiar and trustworthy. More-
over, the resemblance of text-based interfaces to widely-used social media platforms
like WhatsApp and their similarity to consulting human health professionals or read-
ing professional literature (P3, P6, P7) further increased trust in these interfaces.

“I think just about the presentations because the way I chat with the chatbot
is more reliable because it provides me the information like I used to, uh, fa-
miliar with.” - P2

Usability of interfaces greatly impacts trust in the information. As indicated by our
quantitative findings, particularly with text-based interfaces where usability medi-
ated trust, participants favored text-based interfaces for their simplicity and ease of
use (P1, P4-P7, P9-11, P18). While trust in text-based applications has already been es-
tablished with the rise of LLMs, usability is crucial for building trust in less familiar
speech and embodied interfaces (P1, P13, P18, P20).

“I'think this is more likely to useit. [...], because more likely to use anything like
add supplementary questions, you can sort of build trust on the information.”
- P18

Information presentation style impacts the trust in information delivered by inter-
faces. The way information is presented significantly influences trust, especially in
speech and embodied interfaces. Although the information source was consistent
across all interfaces to prevent content bias, participants noted that while numbered
formats work well for text, they may cause information overload in vocal formats, lead-
ing to cognitive overload and forgetfulness (P5-6, P10, P12, P20). Adjusting presenta-
tion styles, such as using storytelling or summarizing key points at the start of inter-
actions can improve engagement and trust in these interfaces (P5, P10, P13).

“It is better to present quite an amount of information more like storytelling I
would say, [..] Just like an essay like instead if you don't put it in bullet points
but you say like you use connection words.” - P10
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Information modality influences how information is processed, which in turn
affects trust. The way people process different information modalities significantly
affects their trust. Participants found it easier to process text than vocal informa-
tion, as reading required less effort than listening (P5, P10, P12, P20). This ease of
processing allows users to focus more on the content, which enhances trust, I prefer
to read book paper-wise rather than listening to it. - P12 Text-based information also
mitigates issues related to context retrieval and timeliness found in speech, enabling
users to cross-compare information within the same interface, thus deepening
their understanding and building trust incrementally (P1, P4, P5, P7, P9, P11, P14, P16).
Additionally, text-based interfaces allow easy sharing of information with health
professionals or friends (P11) and facilitate detailed exploration and clarification of
complex medical terms.

“If I don't even know what I missed, I don't know what kind of questions to
follow up, whereas text one, I can see everything and I know exactly what I
want to ask questions about. Because I can see and go back to and refer to
the information if I forget anything.” - P7

Additionally, participants expressed that the embodied interface requires processing
bothverbal information and non-verbal cues like facial expressions (P3-P5, P7-P8, P11-
12). This extra information processing can raise cognitive load [313], further affecting
users’ trust perception of the delivered health information.

“If 'm asking a question (to embodied and speech interfaces), I have to listen
because I don't know what'’s coming next. [...], you had to actively listen. And
if you missed one part, then you cannot go back.” - P5

Human-like features introduce additional considerations for trust. Participants re-
ported that compared to text-based and speech-based interfaces, a physical embodi-
ment gave a stronger sense of human interaction, leading to greater engagement and
more follow-up questions (P3-4, P10). Our quantitative finding supports that partic-
ipants asked more follow-up questions with the embodied interface than the other
two. However, physical embodiment introduces factors that influence trust percep-
tion, such as the voice and appearance of the interface (P1, P3-P8, P11). Besides, the em-
bodied interface can offer advantages similar to interacting with health professionals,
such as observing symptoms and providing personalized advice, which text or speech
interfaces lack. However, trust in human-like communication can vary. Some partic-
ipants may distrust humans, leading to negative perceptions of human-like interac-
tions. These benefits also present challenges to privacy concerns associated with its
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use and personal data leakage (P3, P5, P7, P11, P13-14). As P3 expressed worry about
data sharing:

“Maybe it (embodied) can recognize my sound also track some information
and like store the information in which may cause some like security prob-
lems maybe.” - P3

Overall, participants preferred embodied interfaces that balanced human-like
and robotic features, favoring those that appeared neutral yet professional, with well-
matched voices and movements.

“It is like the uncanny valley, I don’t know how to say that, but there is the bal-
ance to bring, not be in the horror things but also (the interface) can be ad-
vanced.” - P3

How to improve LLM-powered CUIs for trustworthy health information seeking?
Enhancing features to improve information credibility. Participants were primarily
concerned about the credibility of source information (P1, P4-5, P7, P9-10, P13-16), with
distrust often stemming from a lack of references or the use of fake ones (P7, P9). They
suggested adding features that link to original sources, allowing users to verify infor-
mation, thereby increasing trust.

“I think if they can tell me this was taken from this XYZ source and cross ref-
erence with XYZX number of sources,  would probably trust it.” - P7

Additionally, CUIs can provide feedback that shows understanding of user
queries, which can enhance trust in both the interface and the information provided
(P5, P8). The CUIs can proactively ask contextually relevant follow-up questions (P2,
P10) when they are not fully confident in understanding user’s queries.

“Tt could be nice that you have like a light that’s seeing when it's ready to get a
response already. To get a question, and when it's talking, you have a differ-
ent color or something so that you're assured that it gets your head has kept
your question right or has captured your answer.” - P8

For embodied interfaces, participants recommended enhancing the interactive
experience by synchronizing vocal interactions with more expressive features, as this
could strengthen better relationship between the user and interface and further build
trust (P1, P3-8, P11, P16).

Enriching interaction by integrating multiple information modalities and improv-
ing trust. Participants recommended incorporating multiple information modalities
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within a single interface. They felt that adding images or videos to text could improve
comprehension, especially in health-related contexts (P4, P9). For instance, using im-
ages to show specific pain areas would enhance a text-based interface. In embod-
ied interfaces, combining text, images, and videos was viewed as beneficial for boost-
ing both trust and usability. This multi-modal approach could accommodate diverse
searching styles and preferences, thereby enhancing the effectiveness of the health
information delivered.

"It would be best I can do a little bit mixed with the text and the speech like
type my questions and talk to the interface at the same time. [...] If there is a
screen in front of the embodied robot to display the word is gonna give more
trust feeling.” - P4

Personalize information toward individual needs. Echoing the qualitative findings
from Study 1, participants in Study 2 also emphasized that health information should
account for individual situations, such as personal symptoms or allergies, as well as
regional differences, like variations in medical systems across countries (P2). They
identified the generic nature of the information provided by interfaces as a barrier to
trust and expressed a need for more personalized responses, particularly from em-
bodied interfaces (P1-3, P7, P10-11). The trust would be significantly improved if inter-
faces could proactively inquire about personal symptoms to provide tailored advice
(P2) and ask contextually relevant follow-up questions (P2, P10).

‘I think my feeling of trust will increase because the information given to me
is more personalized and it might be something that I can’t even identify my-
self and therefore don't know to add into the speech or the text to search if the
bot can see things that I cannot.” - P7

5.5 Discussion

This study explored how users’ trust in health information is influenced by differ-
ent search agents and dissemination interfaces. Through two mixed-methods stud-
ies, participants completed health information search tasks using two search agents
(Google and ChatGPT) and various LLM-powered CUTIs (text-based, speech-based, and
embodied interfaces). We identified differences in trust levels across these interac-
tions and gathered qualitative insights into the factors participants reported as influ-
encing their trust ratings. In this section, we discuss the observed differences and
their implications based on findings from both studies.
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5.5.1 Exploring trust in health information from search agents to dissemination

interfaces

In Study 1, participants showed on average a higher level of trust in ChatGPT
compared to Google. Our findings showed that ChatGPT's conversational style and
rapid, personalized responses made users feel heard and understood [248], which
can be perceived as a sign of expertise and relevance [242, 314]. Additionally, the
intuitive and user-friendly interface design of ChatGPT was reported to be easy to
use and thus increases its credibility [119, 259]. As Al technology advances, such
tools are increasingly seen as sources of cutting-edge information, influencing user
trust [315]. Furthermore, we found a significant correlation between trust in health
information provided by Google and trust in Google itself. This result might indicate
a sign of traditional or longstanding trust in search engines like Google. Over the
years, people have developed a strong relationship with Google and tend to view it
not as actively interpreting or generating information, but simply as retrieving it.
This perception contributes to sustained confidence in both the agent and the infor-
mation it provides [269, 316]. In contrast, no such significant correlation was found
for ChatGPT, suggesting that people might separate their trust in ChatGPT (or OpenAI
more broadly) from their trust in the information it provides. This could mean that
even though ChatGPT has advanced features, people are still taking time to develop
a stable trust relationship with this new searching approach (e.g., newly released
ChatGPT Search [317]) that shifts it closer to an active information provider. This
distinction may also help explain why the Propensity to Trust Technology (PPT) had a
greater influence on trust in ChatGPT than in Google. Users still develop familiarity
with ChatGPT as an active information provider, whereas Google is more established
and perceived more as a neutral retriever than an interpreter of information.

Study 2 aimed to establish the role of dissemination interfaces in shaping trust
in health information. Participants expressed a strong preference for text-based
interfaces, which interview findings revealed was due to familiarity and the ease
with which the information could be verified. In contrast, while speech-based and
embodied interfaces provided more natural interactions, they did not inspire the
same level of trust, particularly in high-stakes health scenarios. Participants favored
text-based interfaces for health inquiries because they allowed for more precise
cross-referencing, a critical factor when seeking accurate medical advice. Quan-
titative analysis also supported these findings, showing that trust in an interface
directly influenced trust in the information it provided. This findings aligned with
previous research [254] highlighting that the credibility of a source, such as a brand,
significantly impacts user trust in information. Similarly, studies [121, 125, 255] on
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web-based health information have demonstrated that the trustworthiness of the
platform or source can heavily influence how users perceive the reliability of the
information they receive. This highlighted the importance of designing LLM-powered
tools that not only deliver accurate health information but also foster user trust with
such tools.

Notably, we found no significant differences in trust levels across various
health search tasks in both studies, indicating that trust in health information gen-
eralizes across specific query types. This finding was supported by the qualitative
data, whereby participants reported similar trust levels across different types of
health-related questions. These results highlight the importance of prioritizing the
perceived reliability and credibility of search agents and interfaces in health contexts.
However, participants demonstrated lower tolerance for errors in health-related
scenarios compared to general contexts, underscoring the critical need for high
reliability and accuracy in healthcare applications.

Although LLM-powered conversational search is still in its early stages, our par-
ticipants already tended to trust its answers more than those from traditional search
engines. Among various interfaces, the text-based format remained the most familiar
and gained the greatest trustin information searching. As LLMs advance, understand-
ing the reasons behind the higher trust level in such technology can provide practical
insights for designing future LLM-powered health applications. Identifying key fea-
tures of these agents and interfaces can further enhance trust in health information
from such LLM-powered applications.

5.5.2 Role of search autonomy, prior knowledge, and experience in shaping trust
of health information

Search autonomy is shaped by prior knowledge of health queries. The interview
findings from Study 1 revealed that participants’ preferences for search autonomy
varied based on their prior knowledge, which suggested a close relationship between
one’ slevel of prior knowledge and the desire for autonomy in health information
seeking. Participants appreciated Google’ s ability to cross-reference information
from multiple sources, which allowed them to verify consistency and transparency,
thus enhancing their confidence in the reliability of the information [287]. This
feature was particularly valued by those who preferred a more autonomous approach
to research, using Google to conduct in-depth comparisons. Conversely, participants
noted that ChatGPT's ability to provide direct answers made it a more efficient choice,
particularly for those with limited prior knowledge of search topics [318]. For these
users, ChatGPT served as a convenient starting point, offering initial insights that
guide further more detailed searches. This finding indicated that those with less
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background knowledge may value the simplicity and speed of LLM-powered search
agents over the autonomy that Google provides. Additionally, prior knowledge may
also serve as an internal calibrator to gauge trust, reducing the necessity for exten-
sive autonomous searches. In the context of LLMs, follow-up questions to refine the
information could be seen as a different form of search autonomy. These findings
reflected individual differences in information-seeking behaviors and highlight that
autonomy is crucial for those who prefer thorough research and verification, whereas
prior knowledge can decrease the reliance on self-autonomous search.

Moreover, prior experience and familiarity level with search agents and dissem-
ination interfaces are other well-established factors influencing trust perceptions,
as supported by prior studies [254, 319-322]. The findings of Study 1 indicated that
prior experience with traditional search engines like Google played a significant role
in trust formation. As more people use ChatGPT, their familiarity with it will grow,
and they may come to trust it increasingly. Similarly, quantitative results from Study
2 showed that familiarity with a user interface influences trust in the information it
provides. Participants expressed greater comfort and trust in text-based interfaces
because they aligned with their habitual methods of seeking health information. This
prior experience could foster higher trust in text-based interfaces, while speech-
based and embodied interfaces, despite their innovative features, still lag in gaining
equivalent trust levels in health contexts. These findings emphasized the importance
of interface design in establishing and maintaining trust. Prior experience with
an interface can lead users to transfer their trust from the platform or tool itself to
the information it provides. As such, building positive familiarity and aligning new
technologies with users’ existing search habits can be crucial in fostering trust in
emerging conversational searches. As people use LLM-powered applications like
ChatGPT more frequently for health information, their growing experience may
influence how they search online. Studies suggest that users adapt their behavior
depending on the tool; for example, they tend to ask more questions in text settings
compared with voice assistants [323]. This shift in search agents presents a new
research avenue to explore changing behaviors in using LLM-powered tools like
ChatGPT for health information in daily life. Beyond experimental settings, a dy-
namic perspective is needed to understand how these tools are adopted, adapted,
and integrated into the practices of health information searching.

5.5.3 Connecting usability and multi-modal processing to build trust in health in-
formation

Grounded in the work of modeling trust [254], usability strongly contributes to
trust formation. Previous research has shown that [324] usability (e.g., ease of use)
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affects the feeling of trust in search agents. Usability emerged as a crucial factor in
shaping trust in health information in our work, influencing both the effectiveness of
search agentslike Google and ChatGPT, as well as the CUIs through which information
is disseminated. Findings from Study 1 suggested that usability directly impacted how
users perceive the trustworthiness of health information. Participants appreciated
Google’ s usability for its ability to cross-reference sources, providing a transparent
and thorough search process, while ChatGPT’s streamlined approach was preferred
by those seeking convenience, particularly for quick answers or initial insights. The
study by Xu et al. [318] supports this, showing that users spend less time on ChatGPT
for similar tasks compared to Google, indicating a preference for its efficiency. Thus,
when usability is defined by simplicity and speed, ChatGPT builds trust by offering a
more direct path to information.

Beyond the search agents, usability also plays a pivotal role in how CUIs manage
different modalities of information, as evident in Study 2. Multi-modal CUIs, such as
speech-based and embodied systems, represent a shift from traditional text-based
interfaces, introducing a richer yet more complex interaction experience. Prior stud-
ies highlight that multi-modal interfaces can enhance engagement by integrating vi-
sual and auditory elements next to text alone [325-328]. Deldjoo et al. [327] indicate
that multi-modal systems can facilitate more comprehensive and immersive compre-
hension of content by stimulating multiple senses. Robb et al. [313] also explore that
the multi-modal embodied agents can offer more engaging interaction thereby in-
creasing perceived trustworthiness compared to the speech-based interfaces. How-
ever, this complexity comes with increased cognitive load [296, 313], as users must
process and interpret multiple forms of input as explored in prior work [328, 329].
It could influence the perception and trust of the information which aligns with the
MAIN model from [330]. Our findings from Study 2 supported that the added com-
plexity can impact usability and subsequently, trust perception. While multi-modal
interactions may feel more dynamic and human-like, they can also introduce oppor-
tunities for errors, such as misinterpreting tone in speech [293, 294, 331, 332] or syn-
chronization issues in embodied interactions [333-337]. In contrast, text-based in-
terfaces offered a simpler, more predictable experience. As noted by participants in
Study 2, the straightforward nature of text reduces the risk of misunderstandings, fos-
tering greater transparency and reliability in information delivery. Moreover, consis-
tency in information and presentation style can also affect trust perception as indi-
cated in [296]. Any perceived mismatch or inconsistency can lead to skepticism or
distrust, a challenge generally absent in text-based communication. Therefore, de-
signers should prioritize the usability design to foster trust in digital tools for health
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5.5.4 Anthropomorphic intelligence of LLMs for health information seeking

Human-like features

The rise of LLMs has sparked discussions around the anthropomorphism of
these technologies [250, 338-341]. Research shows that human-like qualities in
LLM-powered agents, such as ChatGPT, can significantly influence users’ trust
levels [168, 284, 342-344]. A key anthropomorphic feature of ChatGPT is its conversa-
tional interaction style, which helps create intuitive information delivery and builds
a trust-based relationship between users and the agent. Additionally, role-playing
abilities [345, 346], such as assuming the persona of a doctor, can make interac-
tions feel like a real consultation, enhancing perceived relevance and trust in the
information provided [347]. Replicating human conversational patterns can further
enhance trust. Participants of Study 1 indicated that LLMs should communicate in a
human-like manner by breaking down complex information into manageable pieces
rather than overwhelming users with lengthy responses. Cai et al. [348] found that
mirroring the interaction style of human advisors can increase user attention and
comfort, a point that our participants echoed. Moreover, incorporating empathy,
encouragement, and understanding in Al interactions can further foster deeper user
engagement and trust [349-351].

However, not all research supports full anthropomorphism as a requirement for
trust. Placani [251] and Festerling et al. [352] suggest that using familiar language, are-
assuring tone, and a patient-centered approach, similar to traditional healthcare, can
be more effective for fostering trust [320, 321]. Troshani et al. [353] and Placani [251]
similarly argue that making LLM-powered Al highly human-like in appearance does
notnecessarily enhance trust, particularly in health contexts where users often prefer
neutral, clear information [33]. Human-like features, such as facial expressions, can
evoke discomfort or skepticism due to the “uncanny valley” effect [249], where minor
mismatches between appearance and behavior can undermine trust. Participants in
Study 2 emphasized the importance of transparency, preferring clear identification
of Al as the source of information. Knowing that the information was generated by
an LLM helped participants set realistic expectations and critically assess the content.
This findings aligned with previous research highlighting the importance of source
identification for trust [245, 251, 255]. While anthropomorphic features can make in-
teractions feel more relatable, they also risk blurring the distinction between human
and machine, potentially leading to confusion about the origin of information. Ensur-
ing that users know they are interacting with Al helps establish trust by fostering in-
formed expectations. Overall, these findings highlighted the need for a balanced ap-
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proach that leverages Al's capabilities without overstepping into areas where human
expertise is crucial [33, 321]. Striking this balance can help maximize the benefits of
Al interactions while maintaining transparency and trustworthiness in health infor-
mation searches.

Personalized interactions

LLMs' ability to provide personalized interactions is another key to build user
trust and engagement in health information searches. As prior research [24] sug-
gests, people are more likely to trust personalized responses when seeking health
information online. Our findings aligned with this, indicating that personalization
indeed enhances trust. Specifically, our study showed that personalization can be
achieved through various elements, including language style, interactive dialogue
that enabled follow-up questions, and a tone adapted to the user’ s emotional state or
specific symptoms. Personalized language style in LLMs can extend to personal and
cultural sensitivities, fostering a more inclusive interaction [345, 346, 354]. Unlike
traditional search engines like Google, LLMs interpret complex queries with contex-
tual depth, allowing for responses that are tailored to individual needs. This deeper
understanding enhances users’ sense of being understood, thereby increasing trust.
Additionally, LLMs handle follow-up questions effectively, maintaining continuity
in interactions and improving user experience [286]. This is particularly valuable in
health contexts, where advice tailored to specific symptoms or emotions can make
LLM-powered agents or tools appear more empathetic and supportive.

Despite these benefits, LLM-powered conversational searches present sig-
nificant privacy challenges [297, 355]. Our interviews from Study 2 revealed that
human-like features raise additional concerns, particularly around privacy, with par-
ticipants expressing worries about potential personal data leaks. Personalized and
multi-modal CUIs, which often collect sensitive data, further amplify privacy risks.
Features like voice recognition and facial analysis [356, 357] necessitate transparent
data collection practices and explicit user consent, especially in health contexts.
While text-based interfaces provide more anonymity, speech and embodied inter-
faces inherently gather more personal data, increasing the potential for misuse or
breaches. As Bansal et al. [267] note, trust in these interfaces depends not only on
content credibility but also on how data is managed. Any perceived misuse or lack
of security can severely undermine trust. Participants in Study 2 echoed concerns
about constant listening in speech-based interfaces and the potential for visual
monitoring by embodied interfaces, particularly when these actions occur without
explicit consent [358]. Given that personalized LLM-powered tools collect a wide
range of sensitive data, from text and speech to biometrics, robust data protection
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and transparent privacy policies are essential [37, 287, 329, 359]. Addressing these
concerns is critical to fostering trust and ensuring that the benefits of personalized
interactions do not compromise ethical transparency and privacy.

5.6 Limitations and future work

While our study provides valuable insights into the difference in trust in online
health information from distinct search agents and across interfaces, it is important
to acknowledge its limitations for a more nuanced understanding of trust.

First, our research focused solely on Google and ChatGPT as representatives
of traditional search engines and LLM-based conversational search, respectively.
While these are prominent examples, it is important to note that there are hybrid
approaches emerging in the field, like those seen with Bing [360] and the newly
released ChatGPT Search [317], combining web browsing and LLMs to offer an en-
hanced search experience. Nevertheless, our study provides a crucial first step
toward unraveling insights into human trust and reliance on information provided
by traditional and LLM-powered search agents (even if separately), paving the way
for future research to explore emergent hybrid LLM search technologies and their
implications on human trust.

Second, our study focuses on health information, which is an important yet spe-
cific domain. The differences in trust perception may vary when considering other
types of information or contexts, and this specificity could limit the generalizability of
our findings.

Third, our study does not evaluate the accuracy of responses from LLMs. LLMs
may make up answers (termed as Al “hallucination” phenomena [361]), which is one
concern shared by our participants. This invites future work into trust dynamics
across other information-seeking contexts, to examine more closely the accuracy of
LLM responses and their impact on trust. The web searching capability in the latest
version of LLMs such as ChatGPT Search [317] might be able to offset some of these
concerns, though they remain fallible.

Fourth, our research design involved a lab study followed by semi-structured in-
terviews. While this method allowed for in-depth insights, it may not fully capture
the complexity and spontaneity of real-world information-seeking behaviors. While
it would be ideal for participants to engage in naturalistic search behaviors based on
their needs, such approaches raise significant privacy concerns. To mitigate this, our
study design is purposefully structured to not only address privacy concerns but also
offer a controlled environment to understand trust development in online health in-
formation seeking.
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Lastly, the influence of varying demographics, like age and education level, was
not fully considered. Although these factors could potentially influence trust in online
information, addressing these variables was beyond the scope of our current work.
Nevertheless, it provides an opportunity for subsequent research to explore how dif-
ferent demographic groups perceive and trust online health information differently,
thus broadening the understanding of online health information trust across diverse
user groups.

With the continuous and rapid advancements in Al technology, it is vital to con-
tinue validating and verifying such findings relating to trust perceptions, and how
these may change over time with newer Al advancements.

5.7 Conclusion

In this research, we investigated trust in health-related information by compar-
ing two search agents (Google and ChatGPT) and three LLM-powered conversational
user interfaces (text-based, speech-based, and embodied interfaces). As online
and conversational searches become critical for health information seeking, un-
derstanding trust perceptions is vital. Our mixed-methods Study 1 revealed that
participants had greater trust in ChatGPT over Google, influenced by factors such
as prior experience, information presentation style, and interaction mode, while
the type of health query did not significantly impact trust. In Study 2, we also exam-
ined how different user interfaces affect trust in health information dissemination.
Text-based interfaces were most trusted due to their familiarity level and ease of use,
while speech-based interfaces offered convenient and natural verbal interaction.
Embodied interfaces provided a more immersive experience but raised concerns
about privacy and authenticity. Overall, our findings emphasize the importance of
both source agents and dissemination interfaces in shaping trust. As generative Al
and LLM-powered tools evolve, designing health tools that are reliable, user-centered,
and mindful of trust dynamics will be crucial for their successful adoption. Our work
provides a foundation for future research to further refine digital health applications,
ensuring they are not only reliable and informative but also trusted and tailored to
diverse user needs effectively.



Chapter appendix
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5.A Search Task

General Questions Symptom-Cause-related Questions Treatment-related Questions

What is (are) Low Blood Pressure ? What are the symptoms of Heart failure - overview ? What are the treatments for Heart failure?

Do you have information about Vitamin D What are the symptoms of Type 2 diabetes ? What are the treatments for Type 2 diabetes ?

Do you have information about Weight Control What are the symptoms of Dry eye syndrome ? What are the treatments for Coronary heart disease ?
What is (are) Chronic Pain ? What are the symptoms of Coronary heart disease ? What are the treatments for Persistent depressive disorder ?
What is (are) Migraine ? What are the symptoms of Frozen shoulder ? What are the treatments for Frozen shoulder ?

What is (are) Coronavirus Infections ? What are the symptoms of Separation anxiety in children ? | What are the treatments for Chronic fatigue syndrome ?
Do you have information about Quitting Smoking What are the symptoms of Natural short sleeper ? What are the treatments for Obsessive-compulsive disorder ?
What is (are) Hair Loss ? What causes Memory loss ? What to do for Memory loss ?

What is (are) Fever ? What are the symptoms of Burns ? What to do for Toothaches ?

What is (are) Mental Disorders ? What causes Obesity ? What to do for Sweating ?

What is (are) Food Allergy ? What are the symptoms of Dislocation ? What to do for Hair loss ?

What is (are) Sleep Disorders ? What are the symptoms of Allergies ? What are the treatments for Dementia ?

Do you have information about Diabetic Diet What are the symptoms of Heart block ? What are the treatments for Obesity ?

What is (are) Stress ? What causes Toothaches ? How to prevent Dislocation ?

What is (are) Diabetes ? What causes Sweating ? What are the treatments for Common cold ?

Do you have information about Exercise and Physical Fitnes What causes Hair loss ? What to do for Fatigue ?

What is (are) Depression ? What are the symptoms of Sprains ? What to do for Fever ?

What is (are) Heart Diseases ? What are the symptoms of Sleepwalking ? What are the treatments for Flu ?

What is (are) Obesity ? What causes Type 2 diabetes ? How to prevent Miscarriage ?

What is (are) Dislocations ? ‘What causes Coronary heart disease ? What are the treatments for Food allergy ?

What is (are) Flu ? What are the symptoms of Persistent depressive disorder ? What to do for Overweight ?

What is (are) Fatigue ? What are the symptoms of Personality disorders ? What are the treatments for Sleepwalking ?

What is (are) Headache ? What are the symptoms of Chronic fatigue syndrome ? What to do for Sprains ?

Do you have information about Cardiac rehabilitation What are the symptoms of Dementia ? What are the treatments for Cat-scratch disease ?

Do you have information about Pregnancy and Medicines | What causes Weakness ? What to do for Burns ?

Figure 5.A.1: Health-related questions used as the search tasks in Study 1 and 2.
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5.B The Interview Protocol for Study 1

Study 1: Trust in Search Agent - Interview Protocol

Introduction

"Thank you for taking the time to participate in this interview. I'm XXX, the researcher
working on this study about trust in online health information. Today we’ll talk about
how you generally search health information online with different search agents”

"Our conversation will take approximately 25 mins and you are free to interrupt or
ask any questions at any time. There are no right or wrong answers, we encourage
you to share your honest opinions.”

Warm-Up Question
1. To begin the interview, could you first describe how you typically search for
health-related information online?”
- What tools or applications did you usually use?
- What is your general feeling when you use such tools for health
information seeking?

Main Interview Questions (Factors Affecting Trust)
Google search:
2. Let's be more specific on your search process with Google in this study.
What is your experience or feelings of using Google for health information
seeking? (Negative/Positive)
- How hard is it to find the answer? Why?
- How do you feel about the way of interaction with Google for health
information seeking?
3. How do you feel about the information you got from Google?
- Are you satisfied with the answers?
- Do you think they are trustworthy? Reliable?
- What factors can increase or decrease your trust in the
information found on Google?

ChatGPT search:
4. Did you use tools like ChatGPT before in your daily life to search for health
information?
- Ifyes:
- How do you use that to search for health information?”

Figure 5.B.1: The Interview Protocol for Study 1.
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5.C The Interview Protocol for Study 2

Study 2: Trust in Dissemination Interface - Interview Protocol

Introduction

"Thank you for taking the time to participate in this interview. I'm XXX, the researcher
working on this study about trust in digital health information. Today we’ll talk about
how you generally search health information through different user interfaces”

"Our conversation will take approximately 20 mins and you are free to interrupt or
ask any questions at any time. There are no right or wrong answers, we encourage
you to share your honest opinions.”

Warm-Up Question
1. Can you describe your initial feelings about receiving health information from
each type of interface (text-based, speech-based, embodied interfaces)?
e Which interface do you find more intuitive or comfortable for seeking
health information, and why?

Comparison of Trust in Interfaces
2. Among the three interfaces, do you trust one interface more than the others
for obtaining health information? Why?
e Do you think some interfaces seem more trustworthy or less?
e \What are the differences in feelings of trust you felt when you searched
for health information by different interfaces? And why?
3. Do you think the usability affected your trust in the health information
provided?

Trust in health information:
4. Did you find the information provided by one type of interface more
trustworthy than the others?
e Did the modes of information delivery (text, voice, physical presence)
affect your trust in the health information provided?
5. What specific elements or features of each user interface do you feel
influenced your level of trust in the health information provided?
6. Do you think the physical embodiment of a bot can influence your trust
perception of the information? Why or why not?
e How does the lack of physical presence in text and speech-based
interfaces affect your trust in the information they provide?

Figure 5.C.1: The Interview Protocol for Study 2.
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Abstract

As Al-generated health information proliferates online and becomes increasingly
indistinguishable from human-sourced information, it becomes critical to under-
stand how people trust and label such content, especially should such information be
inaccurate. We conducted two complementary studies: a 2 (source: Human vs. LLM)
x 2 (label: Human vs. Al) x 3 (type: General, Symptom, Treatment) mixed-methods
survey (N=142) and a within-subjects lab study (N=40) incorporating eye-tracking
and physiological sensing (ECG, EDA, skin temperature). Participants viewed health
information with varied source-label combinations and rated their trust, while their
gaze behavior and physiological signals were recorded. We found that LLM-generated
information is trusted more than human-generated content, whereas human labels
are trusted more than Al labels. Trust remained consistent across information types.
Eye-tracking and physiological responses varied significantly by source and label.
Machine learning models trained on these behavioral and physiological features
predicted binary self-reported trust levels with 73% accuracy and information source
with 65% accuracy. These findings demonstrated that adding transparency labels
to online health information modulates trust. Behavioral and physiological features
showed potential to verify trust perceptions and indicate if additional transparency
isneeded.
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6.1 Introduction

The internet has become a primary source of health information [23, 24],
with 58.5% of American adults [25] (survey on 2022) and 55% of Europeans [26]
(survey on 2022) using online sources for health-related searches. This shift has
transformed how individuals access and engage with health-related content. The
rise of digital platforms, including professional medical websites [236, 273] and
Al-driven tools like health chatbots powered by Large Language Models (LLMs) [1],
has made health information more accessible and convenient than ever. As such,
understanding how different information sources affect trust perceptions is in-
creasingly critical [48], as the source is a key factor in determining trust in health
contexts [47, 256], where such information can significantly impact health-related
decisions involving inherent risks [37, 38]. Besides, misleading labels or unclear
sourcing may result in misinformation and poor health decisions [28, 38], even if Al
system disclosures are increasingly mandated by regulations, such as the European
AI Act [27]. Research shows that trust perceptions differ between human-generated
and machine-generated content across individuals [362-364], and that disclosed
labeling (e.g., with/without indicating Al involvement) can greatly impact trust [365].
While some studies suggest that people may prefer algorithmic or Al over human
judgments [366], other studies show that Al labels can decrease trust [362,367,368].

Despite growing interest in Al-generated health content, existing research lacks
empirical insights into how information sources and labeling interact to influence
trust in the health context, particularly in the era of LLMs. Understanding how both
the source and label influence trust is crucial, especially for personal health decisions
that directly impact individuals  health and well-being [38]. By examining explicit self-
reports, thiswork aims to clarify how these factors jointly influence people’s perceived
trust and to inform the design of Al-powered health information systems that pro-
mote responsible usage through transparency labels [369].

In addition, human trust is inherently subjective. Although self-reported mea-
sures are widely used due to their simplicity and directness, research by Chen et
al. [53] and Kohn et al. [54] highlight that self-reported trust measures inherently
are vulnerable to reporting biases like social desirability bias and Initial Elevation
phenomenon [55]. These biases can compromise the reliability and validity of self-
reported trust assessments. In comparison, behavioral and physiological measures
may provide an alternative and perhaps more objective lens for understanding
trust perception [56-58]. Use of this modality also aligns with recent interest in
Human-Computer Interaction to draw on physiological sensing when designing or
evaluating interactive systems [59]. Behavioral patterns such as eye movements
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Figure 6.1: Visual summary of the studies in this paper. (a) Study 1: Mixed-methods crowdsourcing survey
study to measure perceived trust; (b) Study 2: Within-subjects lab study to measure perceived trust, as well as
behavioral and physiological responses.

and physiological responses, as assessed by Electrocardiogram (ECG) [56] and Elec-
trodermal Activity (EDA) [62], could reveal how individuals process information
and make trust-related decisions in health contexts. For example, eye movements,
such as fixation duration and saccade behaviors, can indicate cognitive engage-
ment with the information, while physiological responses like heart rate variability
(HRV) [56, 60, 61] and skin conductance levels (SCL) can reveal emotional arousal and
stress responses. These outcome measures may further help interpret user trust
perceptions [61, 62]. Thus, exploring these behavioral and physiological indicators
can contribute to a more comprehensive understanding of trust formation in digital
health contexts [56, 57, 370] and further, help develop strategies to enhance the
trustworthiness of online health information, especially given the growing use of
LLM-powered tools for health advice [239-241].

In this work, we adopted a mixed-methods approach (as shown in Fig 6.1) to in-
vestigate how the source and disclosed transparency (i.e., disclosed label) of personal
health information affects trust perceptions. We thereby ask: (RQ1) Does the actual
source, disclosed label, and type of personal health information influence people’s per-
ceived trust in online health information? To examine this question, we conducted an
online crowdsourcing survey (N=142) using a 2x2x3 factorial design. Source (Human
Professional vs. LLM) was treated as a between-subjects factor to minimize potential
biases from participants directly comparing human and Al sources. In contrast, La-
bel (Human Professional vs. Al) and health-information Type (General vs. Symptom-
vs. Treatment-related) were within-subjects factors to enable a nuanced comparison
of trust perceptions across different labeling and information types within the same
participant. This mixed design balanced the reduction of cross-condition biases with
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the sensitivity of within-subject comparisons. Participants rated their perceived trust
in the health information they received using standardized self-report scales, which
served as our primary outcome measure. Based on the key finding that both informa-
tion source and label influence trust perceptions, we then ask: (RQ2) Can behavioral
and physiological signals be used to understand trust perceptions toward human and
Al-generated health information? Following a similar 2x2x3 design with fully within-
subjects factors, we conducted a laboratory study (N=40) employing eye tracking (i.e.,
gaze patterns and pupil dilation) and physiological signals (i.e., based on ECG, EDA,
and skin temperature), to understand the relationship among these indicators and
trust perceptions in health information manipulated by source and label. By allow-
ing each participant to serve as their own control, this design minimized variability
due to individual differences and maximized the robustness of condition-specific in-
ferences. Importantly, participants were not informed that labels could be intention-
ally mismatched with the actual source (i.e., cross-labeled) in both studies. This en-
sured that participants evaluated the health information and its disclosed label as pre-
sented, without being influenced by a heightened awareness of potential labeling er-
rors, thereby allowing us to more accurately assess their trust perceptions on both
information itself and its labeling.

Online survey findings showed that the (actual) source of information signif-
icantly influenced trust perceptions, with participants displaying higher trust in
LLM-generated health information compared with human professionals. Second,
the labeling of the source played a crucial role: health information labeled as coming
from human professionals led to significantly higher trust than information labeled
as from AJ, i.e,, regardless of the actual source. Third, the type of health question did
not significantly affect trust, alone or in interaction with label and source. Together,
these observations suggested that perceived trust is not influenced by the nature of
the health query, and that the source and labeling of the health information are main
determinants. The laboratory study supported the survey findings, with additional
insights: gaze data, such as fixation count and duration, saccade count, and pupil
diameter, varied significantly based on the source and labeling of health information.
Moreover, physiological features, such as heart rate variability (HRV, measured
as the root mean square of successive differences, RMSSD) and skin temperature,
differed when participants engaged with information with different labels. These
findings indicated that the source and labeling of health information influence both
behavioral and physiological responses. Further prediction tasks were performed
based on behavioral and physiological data, yielding 0.35 R? for predicting trust
scores and 73% accuracy in classifying binary trust levels (high vs. low). Additionally,
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we achieved 65% accuracy in classifying the source of health information. These
results underscored the potential of leveraging behavioral and physiological signals
as an additional means to model and understand trust perception toward human vs.
Al-generated health information.

Our exploratory work offers two primary contributions: (1) We provided em-
pirical evidence showing that trust in online health information is influenced both
by its actual source and disclosed label. (2) We found that trust perceptions in
personal health information vary at behavioral and physiological levels, offering
complementary insights beyond self-reported trust and helping to identify discrep-
ancies between the explicit (i.e., self-reported) and implicit trust responses. To our
knowledge, this is one of the few studies that combine physiological (e.g., HRV, skin
temperature) and behavioral (e.g., gaze) signals to understand trust in Al-generated
health information. Our work highlights the importance of considering Al trans-
parency labels when measuring trust in health information and the vulnerability
of trust abuse to mislabeling. It further opens the possibility of verifying trust per-
ceptions and inferring if and when to apply transparency labels based on sensed
behavioral and physiological data.

6.2 Related Work

6.2.1 Trust in Online Health Information Seeking

Trust is a multifaceted psychological construct essential to both interpersonal
and human-technology interactions. Mayer, Davis, and Schoorman’ s integrative
model of trust [41] defines trust as a willingness to be vulnerable to the actions of
another party, based on the expectation that the party possesses the ability (compe-
tence), intends to do good (benevolence), and adheres to a set of principles that the
trustor finds acceptable (integrity). In the digital age, trust extends to automation
systems and technology in general. Work by Lee and See [43, p. 51] defines such
trust as: “An attitude that an agent will achieve an individual’ s goal in a situation
characterized by uncertainty and vulnerability”. Similarly, McKnight et al. [252, 253]
found that trust in technology is influenced by various factors such as perceived
usefulness, ease of use, reliability, credibility, and risk. In the context of health, trust
is particularly important due to the sensitive nature of health information and its
impact on health-related decision-making, which can have dire health consequences
should it be incorrect [37, 38]. Trust formation in these contexts is likewise complex
and influenced by both intrinsic and extrinsic factors, including individual character-
istics such as prior knowledge, health literacy, and decision-making roles, as well as
external cues used to validate information, as highlighted by Vereschak et al. [371].
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For instance, amounts of work [46, 48, 244, 256-258] indicated that the credibility
of the information source is crucial, the design [119, 121, 125, 259] and usability [260]
of the health-related tools can significantly affect trust. A well-designed, easy-to-
navigate website or app is usually perceived as more trustworthy than a platform
with a confusing or complicated user interface. User prior experience like famil-
iarity levels [261], and user expectations [262] influence trust perceptions as well.
Lastly, transparency, data privacy, and ethical considerations increasingly influence
trust levels as well [170, 267-269, 372]. This body of work has been instrumental in
systematically understanding how people develop trust in health contexts.

As a step towards bringing together current knowledge on people’s perceived
trust in online health information, Johnson et al. [254] indicates that trust in online
health information is evaluated based on three main factors: source credibility,
the context of information delivery (design and navigability of the health system),
and the content itself (credibility, reliability, relevance). These components collec-
tively influence the user’ s overall trust in health information. Building on this,
subsequent research has delved deeper into the intrinsic quality of information,
highlighting how factors such as perceived credibility [121,125,141,143,264], clarity of
presentation [254], and relevance to users’ health query [257, 261, 262, 265] further
influence trust. These content-specific dimensions complement broader contextual
and source-related factors to form a more complete understanding of trust in health
communication [259,263,279]

Integrating the literature and as a step toward transparent Al communication,
Liao and Sundar [359] introduced a conceptual model called MATCH that describes
how trustworthiness can be communicated in Al systems through trustworthiness
cues. They proposed a checklist that can aid technology creators in identifying reliable
cues for inclusion, such as transparency and interaction design. Although this thesis
does not directly apply MATCH, its emphasis on designing trustworthy cues that are
both warranted and user-appropriate aligns with our purpose to explore how trust is
formed and shifted between human and Al-generated or labeled health information.

6.2.2 Source and Label Transparency in the Age of LLMs

The internet has become a vital resource for health information [23], with
websites like WebMD [373] and Mayo Clinic [236] providing expert-curated content.
The rise of LLMs like ChatGPT [65] has revolutionized access to online health infor-
mation by offering conversational interactions to health queries [29]. Trust in these
LLM-powered tools is influenced by various factors [248], including the perceived
credibility of their responses, the clarity of information, transparency about how the
information is generated [27], and users familiarity and experiences using such Al
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technologies [374]. Among these, information source (e.g., human-authored vs. Al-
generated) plays a critical role in shaping trust. Research [46,48,375] have shown that
trust is significantly affected by the perceived credibility of the information source.
While LLMs have been effective in providing health information [343, 374], concerns
remain about their credibility and reliability. Although human professionals are
traditionally viewed as authoritative and trustworthy due to their expertise [376,377],
studies like Logg et al. [366] show that users may trust Al for specific tasks, and
Shruthi et al. [368] indicated that people overtrust Al-generated medical responses.
However, other research [365, 377] highlighted people’s preferences for human-
generated health advice, suggesting that trust varies based on context. Additionally,
Montag et al. [378] found that trust in humans and Al may not be directly associated,
suggesting people have distinct trust mechanisms for each. These varied trust levels
underscore the complexity of trust formation towards the information from human
and Al sources.

Labeling of information sources plays an additional key factor in shaping trust
perceptions in the era of LLMs. Jakesch et al. [379] demonstrated that users perceive
content as less trustworthy when it is labeled as Al-generated, even when the con-
tent quality is identical, which indicates that labeling influences how users perceive
trustworthiness. Similarly, Reis et al. [365] found that perceived Al involvement signif-
icantly impacts trust in digital medical advice, as participants in their study were less
willing to follow health advice when they believed it was generated by Al rather than a
human expert. Studies by Walker et al. [362] and Kerstan et al. [377] have also shown
that people tend to trust advice more when it comes from human professionals rather
than from LLMs, especially when the source is explicitly stated. Yin et al. [367] found
that while Al can create a sense of being heard, labeling content as Al-generated can
reduce its perceived impact. These findings underscore how labels can significantly
impact trust, even when Al performs tasks effectively. Furthermore, Scharowski et al.
[380] explores the potential for Al certification labels (e.g., "Digital Trust Label” by the
2023 Swiss Digital Initiative), and finds that such labels can mitigate data-related con-
cerns surfaced by end-users such as data protection and privacy, however this came
at the cost of other concerns such as model performance, which poses it own chal-
lenges. Nevertheless, these works highlight that transparent communication about
how Al systems operate and the data sources they use can further enhance or main-
tain trust among users [50,366].

As Al becomes more integral to health contexts, this work specifically examined
the influence of source and labeling on trust in health information, offering insights
for designing trustworthy Al-powered health information systems.



6.2. RELATED WORK | 167

6.2.3 Behavioral and Physiological Signals for Understanding Trust Perception

Traditional research on trust perception has heavily relied on self-reported as-
sessments; however, many studies [53, 54] suggest behavioral and physiological sig-
nals may add a relevant layer of information. Integrating these implicit measures
helps offer a complementary understanding of trust in human and LLM-generated
health information. For example, research by Kenneth et al. [66] shows that eye move-
ment metrics like fixation, saccade, and pupil dilation provide insights into cognitive
load and attention allocation during information processing. While these physiolog-
ical indicators do not directly measure trust, they may reflect how users cognitively
engage with content they perceive as more important, credible, or challenging. For
instance, increased pupil dilation, linked to higher cognitive load [381] and emotional
arousal, may suggest deeper cognitive processing, which may co-occur when individ-
uals are evaluating information for trustworthiness or making health-related deci-
sions. Although the relationship between trust and cognitive load is complex, mon-
itoring these signals may help identify moments of increased scrutiny or hesitation,
offering indirect cues about trust-related states. As an example of such research, Ji
et al. [382, 383] demonstrated that physiological signals, such as electrodermal ac-
tivity, blood volume pulse, and gaze, vary meaningfully across different information
processing activities (e.g., reading, speaking, listening) during information-seeking
tasks. Moreover, prior work has used behavioral data to explore how people engage
with online news content, particularly in the context of misinformation. For instance,
Abdrabou et al. [384] found that gaze and mouse movement patterns could help dis-
tinguish between user exposure to real versus fake news, achieving moderate accu-
racy in identifying subconscious engagement with misinformation. Similarly, Sumer
et al. [385] showed that eye-tracking data reflected differences in how users read and
process true versus false news articles, suggesting that such behavioral signals can
offer objective indicators of how people implicitly respond to varying degrees of in-
formation credibility. Studies [54,370,386] demonstrate that distinct gaze patterns
are linked to trust levels, with higher fixation counts and longer duration typically in-
dicating focused attention, greater cognitive engagement and trust in the informa-
tion [66, 370, 387, 388]. Saccades, characterized by the frequency and length of eye
movements between fixations, often signal information verification processes [386,
389,390]. These findings suggest that these multimodal implicit signals can be sensi-
tive indicators of user engagement and cognitive effort, offering potential to infer user
states such as trust or uncertainty in information processing contexts. Furthermore,
using these signals can help prevent misinformation by identifying when users hold a
lower trust level on information. For example, based on such eye movement data, sys-
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tems can prompt users to reconsider or verify information before sharing. While this
may not guarantee the reliability of the information itself, it introduces an additional
layer of scrutiny that can help reduce the spread of misinformation and support more
thoughtful decision-making.

Physiological features such as ECG [56], EDA [62], and skin temperature [61]
can likewise be useful for understanding what are otherwise only self-reported
trust perceptions. Heart Rate Variability (HRV), derived from ECG, reflects the level
of arousal, with higher HRV indicating lower physiological arousal associated with
relaxation, comfort, and higher trust levels [60, 391, 392]. EDA measures, including
Skin Conductance Level (SCL) and Skin Conductance Response (SCR) are similarly
tied to emotional arousal, where lower conductance is used to infer greater com-
fort and trust [61, 62, 370]. Similarly, changes in skin temperature are thought to
reflect engagement levels, with higher temperature suggesting increased cognitive
engagement with information [61]. As investigated by prior work, trust perception, a
complex, subjective cognitive and emotional process, can be (objectively) assessed
using machine learning models by analyzing physiological (e.g., ECG and EDA [393],
EEG [57]) and behavioral (e.g., gaze patterns [58,394]) indicators. These models help
reduce subjective bias and can provide real-time insights into trust responses, least
of which is an additional verification means alongside self-reports. For our work, we
explore how trust is influenced by the source and labeling, and whether such signals
meaningfully vary and in what capacity they can aid in predicting trust perceptions.

6.3 Study 1: Online Survey

6.3.1 Study Methods
Design

We conducted an online survey using a mixed 2 (IV1 - Actual Source: Human pro-
fessionals vs. LLM) x 2 (IV2 - Disclosed Label: Human professionals vs. Artificial In-
telligence) x 3 (IV3 - Information Type: General vs. Symptom vs. Treatment) factorial
design to explore people’s perceived trust in online health information. The source
of health information (IV1) was set as a between-subjects variable to explore whether
people have different trust perceptions based on the source (human professionals vs.
LLM), which might inherently present information in distinct styles. A within-subject
design for the source could introduce biases in perceived quality and trustworthiness
due to these stylistic differences. Additionally, using a between-subjects design for
the source helps isolate the effect of labeling (IV2), making the findings clearer and
more robust. Conversely, for the label of the source (IV2) and the type of health in-
formation (IV3), we opted for a within-subjects design to allow direct comparisons of
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trust perception across different labels and types while keeping the source uniform
for each participant. This approach reduced individual variability, ensuring a clearer
separation of source effects on trust variances while enabling robust analysis of influ-
ences from labeling and types of health information. Therefore, during the comple-
tion of the survey, each participant read the information either generated by human
professionals or LLMs, and each of them experienced six distinct conditions.

Health information.

Sets of health information (question and answer pairs) from human profession-
als were selected from an open-sourced dataset [395] due to its comprehensive and
diverse range of health-related questions, authored by certified professionals. It en-
sured the reliability and authenticity of the information used for comparison in this
work. To produce comparable LLM-generated responses, we used the Generative Pre-
trained Transformer 4 (GPT-4) model [196] (version: "gpt-4-0125-preview” through
official API) and prompted it with the selected health question and accompanying in-
struction (e.g., “ Health question: [question]. Please give the answer to the above ques-
tion within [wordcount] words?”) to generate answers of similar length to those from
human professionals. To ensure content accuracy and mitigate potential misinforma-
tion, all LLM-generated responses were reviewed by the researchers for correctness
and alignment with existing health guidelines prior to inclusion in the study. Any re-
sponses identified as containing errors or inaccuracies were corrected to maintain
consistency and fairness in comparisons between sources.

The health information falls into three categories: General information: pro-
vides answers to general health topics (e.g. "Do you have information about weight
control?”); Symptoms-related information: focuses on symptoms and potential
diagnoses (e.g. "What are the symptoms of burns?”); Treatment-related information:
provides treatment options for specific conditions (e.g. "What to do for burns?”).

Twenty-five questions were selected from each category resulting in a question
set with 75 questions in total, ensuring a comprehensive representation of individual
health questions.

Measures

Demographics and prior experience. In the pre-survey, we collected partic-
ipants' demographic information (age, gender, education, occupation) and their
experience in online health information seeking, using two questions: "How often do
you search for health information online?” rated on a 5-point Likert scale from Never
to Daily; and "How long have you been using online sources for health information
searching?” with options ranging from Less than 1year to More than 10 years.
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Propensity of trust in technology (PPT) [300] was used to assess inherent trust
in technology before participants read the health information. It consists of 6 items
looking at people’s general trust in technology (e.g. "1thinkit’ sagood idea to rely on
technology for help”). All items were scored on a 5-point Likert scale from 1 (Strongly
Disagree) to 5 (Strongly Agree) (Cronbach’ s« = 0.71).

eHealth and Alliteracy As part of the pre-survey, we also measured participants’
literacy on eHealth and Al separately using two adapted questionnaires from eHEALS:
The eHealth Literacy Scale [396] and MAILS - Meta Al literacy scale [307]. All the items
were scored from 1 (Strongly Disagree) to 5 (Strongly Agree). The adapted measure
for eHealth literacy has eight items with an example as "I know where to find helpful
health resources on the Internet” (Cronbach’ s« = 0.88), and the adapted measure
for Alliteracy has ten items with an example item as "I can distinguish if I interact with
an Al or a real human” (Cronbach’ s« = 0.76).

Trust of online health information [254, 301] (Trust Score) During the formal
study, participants completed the trust of online health information questionnaire
to rate their trust level after reading each set of health information. It consists of 13
items (e.g. "The information appears to be objective.”), each rated on a 5-point Likert
scale from 1 (Strongly Disagree) to 5 (Strongly Agree) (Cronbach’ s« = 0.92). We ag-
gregated and calculated the average value of all 13 items to obtain our perceived trust
score. We use this score for further analysis throughout our work.

Post-survey: three open-ended questions At the end of the survey, participants
were asked to reflect on their trust perceptions through three open-ended questions.
These questions explored their views on (a) general trust in LLM-generated informa-
tion versus information from human professionals, (b) how they assess the credibility
of online information, and (c) how the labeling of the health information source influ-
ences their perceived trust.

Participants

Participants were recruited through the online crowd-sourcing platforms Pro-
lific [397] and institute recruitment systems. Our inclusion criteria included individ-
uals over the age of 18 who are fluent in English, and they must have passed the at-
tention check. A power analysis conducted with G*Power 3.1 [207] for a mixed-factor
ANOVA design indicated that a minimum of 76 participants would be required to de-
tect a small effect size (f=0.15), with an alpha level of 0.05 and a power of 0.95.

A summary of participants’ demographic information is shown in Table 6.1. 142
participants (N=142) were recruited (F=83, M=58, NB=1), with 90.9% falling in the 18-34
age bracket. Regarding educational backgrounds, 47.2% had undergraduate degrees,
and 35.9% held postgraduate qualifications. As for online health information-seeking
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Demographic Categories Numbers of
Participants (%)
Gender (N=142)
Female 83 (58.5%)
Male 58 (40.8%)
Non-binary 1(0.7%)
Age
18-24 91 (64.1%)
25-34 38 (26.8%)
35-44 9 (6.3%)
45-54 2(1.4%)
65+ 2 (1.4%)
Education
High school degree or equivalent 24 (16.9%)
Bachelor’ s degree 67 (47.2%)
Master' s degree 49 (34.5%)
Doctorate or higher 2 (1.4%)
Professional Domain
Health and Medical Science 17 (12.0%)
Science, Technology, Engineering, and 35 (24.6%)
Mathematics (STEM)
Business, Economics, and Law 35 (24.6%)
Arts, Culture and Entertainment 19 (13.4%)
Government and Public Sector 3(2.1%)
Education 3(2.1%)
Other 30 (21.1%)
Frequency of online health
information seeking
Rarely 27 (19.0%)
Sometimes 77 (54.2%)
Often 31(21.8%)
Always 7 (4.9%)
Duration of online health
information seeking
Less than 1 year 4 (2.8%)
1-3 years 24 (16.9%)
3-5 years 51 (35.9%)
5-10 years 45 (31.7%)
More than 10 years 18 (12.7%)

Table 6.1: Characteristics of participants in the online survey.

experience, 26.7% frequently used online sources, 54.2% occasionally searched online,
and 19.0% rarely used online resources.

Procedure

The study design and procedure are outlined in Fig 6.1(a). Participants were first
provided with detailed information about the study and gave informed consent in
line with institutional guidelines. They provided demographic information and their
experiences with online health information seeking. A total of 75 health questions
were used in the online survey, divided evenly into three categories: general health,
symptom-related, and treatment-related (25 each) (Sec 6.31 “Health information”).
For each participant, six QGA pairs were shown: two randomly selected from each
category. The survey study used a between-subjects design for the source of the
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information (AI- vs. human-generated) and a within-subjects design for the label (AI-
vs. human-labeled). Both source and label orderings were counterbalanced across
participants to mitigate order effects. After reviewing each Q&A pair, participants
rated their perceived trust in the information.

Afterward, participants completed a post-survey comprising three open-ended
questions about their perceptions of the information source and its labeling. Partici-
pation was voluntary and participants were monetarily compensated for a 30-minute
session. To ensure we avoided bots in our responses, we included an additional atten-
tion check where respondents needed to select a specific response to one question.
Our study received approval from our institute’s ethics and data protection commit-
tee.

Data analysis

We conducted quantitative analyses to examine how the types of health ques-
tions, information sources, and labeling of sources influence trust perception in on-
line health information. Initially, we confirmed the data’s suitability for parametric
tests by performing the Shapiro-Wilk test [208] for normality and Bartlett’s test [209]
for homogeneity of variance; neither assumption was violated. Next, we performed
a mixed model, i.e., three-way mixed ANOVA [398] to investigate differences in trust
perceptions based on information sources, disclosed labels, and types of information.
Since only one ANOVA was conducted, no correction for multiple tests was applied.
Following, post-hoc pairwise comparisons were conducted using t-tests with False
Discovery Rate (FDR) correction [399] to examine differences in trust between each
pair of label and source combinations. To explore the relationship across variables,
we also conducted the Pearson correlation analyses [311] on two subsets of the data:
one with human-sourced sources and the other with LLM-sourced sources (between-
subject independent variable). Bonferroni correction [212] was applied to account for
multiple comparisons in both correlation analyses.

We conducted an inductive content analysis [214] on the responses to three open-
ended questions, focusing on identifying underlying themes that explain trust rather
than counting frequencies. In the first stage, the first two authors created an initial
set of codes using the qualitative analysis software ATLAS.ti [215]. This initial code-
book looked at respondents’ varying perceived trust in Al and human professionals,
their reasons for trusting or distrusting, and how they typically evaluate the credi-
bility and trustworthiness of information. Following this, both coders independently
open-coded the responses, remaining open to new observations and emerging codes.
Similar codes were merged, unclear ones were refined, and earlier responses were re-
coded as needed. As the analysis progressed, recurring factors emerged across differ-
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ent questions, allowing us to develop common themes that spanned all three sets of
responses.

6.3.2 Quantitative Findings

Descriptive statistics

Measures Mean SD
Propensity of trust in Al technology (PPT) 3.85/5 72
Pre-survey eHealth literacy 362/5 .87
Al literacy 3.81/5 92
Conditions Mean SD
Source (Human) § Label (Human) 401/5 45
Source (Human) § Label (AI) 376/5 49
Source (LLM) & Label (Human) 407/5 47
Source (LLM) & Label (AI) 387/5 44
Trust score
Source (Human), regardless of Label 3.89/5 84
Source (LLM), regardless of Label 397/5 81
Label (Human), regardless of Source 4.04/5 46
Label (AI), regardless of Source 3.82/5 47

Table 6.2: Descriptive statistics of the online survey.

As shown in Table 6.2, participants demonstrated a positive propensity to trust
in technology, with an average score of 3.85 (SD=.72), indicating a positive attitude to-
wards technology. The average eHealth literacy score was 3.62 (SD=.87), indicating
that participants are relatively capable of using online health resources. Al literacy
was also high, with an average score of 3.81(SD=.92), reflecting a favorable understand-
ing of Al technology.

In terms of trust perception, the trust scores (based on the aggregate Trust Score
described in Sec 6.3.1) varied depending on the source and label of the information. For
information both sourced from and labeled as human, the average trust score was 4.01
(SD=45). When the information was sourced from humans but labeled as AJ, the trust
score decreased significantly to 3.76 (SD=.64). In contrast, information sourced from
LLM but labeled as human received the highest trust score of 4.07 (SD=.47), while infor-
mation sourced from Al and labeled as LLM had a trust score of 3.87 (SD =.44). These
findings highlighted the ways in which both the source and labeling of information
can impact trust perceptions, with a clear indication that labeling of the sources plays
a role in shaping trust, potentially even more than the actual source of the informa-
tion.

Ourmixed model analysis compared differences in trust levels among the source,
label, and health information types. Findings are shown in Table 6.3 and Fig 6.2, and
together highlight how people perceive and trust health information manipulated by
sources and labels.
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Outcomes Conditions F Statistic P-value Effect size (n?)
Source (Human vs. LLM) 2.27 024 ** 14 (medium)

Trust score Label (Human vs. Al) -6.50 <.001** -.39 (medium)
Type of health information 0.67 .505 .03 (small)

Table 6.3: Results from the three-way mixed ANOVA analysis on the trust score without data correction.
(**p<.01, *p<.05)
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6

ER AR Y

2

Median and Mean Value of Perceived Trust Score
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Figure 6.2: Left: Perceived trust score in information by sources regardless of labels, and by labels regardless
of source from the three-way mixed ANOVA without correction. Right: Post hoc pairwise comparisons on
perceived trust score based on different source and label conditions using t-test with False Discovery Rate
(FDR) correction. Each plot shows the score density (width), with the red dot indicating the mean, the black line
as the median, and thick bars representing the interquartile range (IQR). Horizontal lines indicate significance
(**p<.01, *p<.05, “ns”: no significance).

Participants gave higher trust levels to health information sourced from LLM than
from human professionals.

The impact of the information source (human professionals vs. LLM) on trust in
health information was analyzed by a three-way mixed ANOVA. The results showed
significant differences in trust levels between sources: statistics=2.27, p=.024, effect
size=14. This suggests that information sources significantly influence overall trust
in health information. Specifically, participants reported trusting information from
LLM more than human professionals, with an average trust score for LLM-sourced
information of 3.97 (SD=.81), compared to 3.89 (SD=.84) for information from human
professionals. Although the difference was modest, it indicated increasing user ac-
ceptance of LLMs as credible sources of health information. However, perceived trust
does not imply factual accuracy. These findings reflected shifting attitudes toward AI-
generated content but do not confirm its factual reliability compared to health profes-

sional advice.
Participants gave higher trust ratings to health information labeled as from human
professionals compared to labeled as from Al.

Except for the factor of 'source’, the labeling of information sources influenced
trust perception significantly. Participants perceived significantly lower trust in
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health information labeled as from Al compared to that labeled as from human
professionals, as indicated by a mixed model ANOVA (statistics=-6.50, p<.001, effect
size=-.39), with an average trust score for information labeled as from human profes-
sionals of 4.04 (SD=.46) and 3.82 (SD=.47) for information labeled as from AL We also
observed no significant difference in trust between human-labeled information from
human sources (M=4.01, SD=45) and LLM sources (M=4.07, SD=47). These results
suggested that while LLM-generated information is generally trusted, the perceived
trust still leans in favor of human-associated information when directly compared.

Type of health information does not affect participants’ trust level in information.

Additionally, we explored how trust varied across different categories of health
information. There was no significant effect found (statistics=0.67, p=.505, effect
size=.05). This suggests that the type of health question does not influence peo-
ple’s trust levels in health information. The interaction effect between the label
of the information source and category of information was not significant as well
(statistics=-.51, p=.613, effect size=-.15) This implied that the influence of labeling on
trust does not vary across different types of health information.

Correlation analysis

Given that the mixed ANOVA indicated no significant effect of the type of health
information on the trust perceptions, the repeated measures were averaged into a sin-
gle observation for each participant. This simplification allowed us to conduct a Pear-
son correlation analysis [311] to examine the general relationships between key vari-
ables in the online survey. The results, illustrated in Fig 6.3, revealed distinct patterns
of trust in health information from different sources. For information sourced from
human professionals, trust in human-labeled information showed a moderate pos-
itive correlation with trust in Al-labeled information (r(142)=047, p<0.01). However,
other relationships, such as those involving eHealth literacy and Al literacy, exhibited
weak or negligible correlations. In contrast, for information sourced from LLMs, we
observed stronger correlations across multiple variables. Trust in human-labeled in-
formation showed a strong positive correlation with trust in Al-labeled information
(r(142)=0.65,p<0.01), Al literacy (r(142)=0.41,p<0.01), and the propensity of trust in Al
(r(142)=0.37,p<0.05). Additionally, the propensity of trust in Al correlated to trust in
Al-labeled information (r(142)=0.50,p<0.01), eHealth literacy (r(142)=0.42,p<0.01), and
Al literacy (r(142)=0.30,p<0.01) Al literacy positively correlated with eHealth literacy
(r(142)=0.33,p<0.01). These results highlighted a consistent influence of labeling on
participants’ trust across different sources.
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PPT Source: Human Professionals Source: LLM I
eHealth Literacy -0.23 0.42**

Al Literacy 0.07 0.14 0.30* 0.33**

Trust HumLabel 0.02 0.09 0.15 0.37* 0.27 0.41*

Trust AlLabel 0.12 0.06 0.19 0.29 0.29 I
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Figure 6.3: Pearson correlation with Bonferroni correction among the key variables in the online survey.(**p<.01,
*p<.05) Note: “HumLabel”: information with human label regardless of the actual source. “AlLabel”: information
with Al label regardless of the actual source.

6.3.3 Qualitative Findings

We received a total of 426 free-text responses (142 for each question). In this sec-
tion, we present our findings with four themes. We found that participants’ trust in Al
versus humans is shaped by their inherent trust predispositions and their perceived
source of knowledge. Additionally, participants valued human consciousness as a fac-
tor contributing to greater trust, and the presentation of information also influenced
their trust.

Predisposition toward Al and humans influences trust

Survey respondents demonstrated a predisposition to trust either Al or humans,
independent of the content or source of the information. However, there were
individual differences in this inclination. Some respondents were optimistic about
Al technology, regularly using and trusting Al in their daily lives. They perceived
no difference in reliability between Al and human professionals, and some even
trusted Al more. Conversely, some respondents expressed significant reservations
about AI, doubting its readiness to address serious topics, especially in sensitive
fields like healthcare. One respondent noted, ‘I don't trust Al, and the quick push in its
advancements is dangerous; at the very least, it should be limited in specific fields such
as health.” Privacy concerns and the risks of Al-driven health advice reinforced such
skepticism, leading to more critical evaluation of Al recommendations. This underly-
ing predisposition toward Al or human professionals also shaped respondents’ views
on labeling. Some participants expressed a preference for human-labeled content,
with one stating, “Al label makes me trust it less and view the information more critically
than if it came from a human professional.” However, not all respondents allowed
their predispositions to dictate their trust. Others placed less emphasis on labels,
focusing instead on verifying information from multiple perspectives rather than
relying solely on the source. As one respondent explained, “The label doesn't affect
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how I interact with it, and my trust wouldn't be based solely on the label.”

Perceived source of knowledge influences trust

Survey respondents’ trust in Al or human professionals was shaped by their per-
ceptions of where each derives its knowledge. One respondent explained, “T would
trust a human professional more, since he has learned factual information in school.
An Al has learned from multiple sources online, not only factual ones, so that is why I
would trust them a bit less.”. In contrast, some respondents believed that Al can learn
from “more databases and the most important points that all research brought up”, po-
tentially making it more knowledgeable than a single human expert. These differing
views on the origins of human and AI’ s knowledge contributed to varying levels of
trust. Some respondents took a more balanced stance, recognizing that both Al and
human professionals are susceptible to biases and errors. As one respondent com-
mented, “While information from a human professional may need correction due to in-
complete knowledge, information from Al might contain errors due to gaps inits training
data.” Consequently, many respondents shared that they would evaluate both sources
of information with equal care, relying on their own experiences to evaluate the con-
tent’s credibility. Additionally, some respondents expressed a preference for combin-
ing information sources, such as cross-checking information or using Al as a comple-
mentary tool to support human decision-making.

The human touch builds greater trust than Al

Survey respondents highlighted that, due to the absence of consciousness and
empathyin A, they trusted human professionals more, particularly in healthcare con-
texts. Many respondents emphasized that Al lacks the ability to evaluate information
with awareness. As one respondent commented, “Unlike human, Al doesn't know the
difference between good or bad quality.” In contrast, many respondents emphasized
that human professionals have “years of medical education and experience with real-
life cases” to inform their decisions, something that Al cannot replace despite its ac-
cess tovastinformation. This absence of consciousness made respondents very skep-
tical about AI's capability to offer reliable health advice. The issue extended beyond
decision-making to interpersonal interactions. Respondents valued the sense of re-
sponsibility and ethical obligation that human professionals carry, with one noting, “I
trust the information from the human professional more because they are human and
have moral and professional obligations about not giving misinformation.” Addition-
ally, human-to-human interaction offered a sense of personalized care, making re-
spondents feel their symptoms are better understood. In contrast, Al lacked this hu-
man touch, and its absence of empathy and accountability led respondents to trust it
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Presentation of information influences trust

Information presentation was highlighted as an advantage of Al, which increased
respondents’ trust. They mentioned that when evaluating health information, factors
such as the design of the user interface, the length of the information, the visible pub-
lication date, and the clarity of language were important. Compared to human pro-
fessionals, Al was often perceived as providing simpler, more structured, and user-
friendly information. Respondents appreciated that AI’ s answers were clearly ex-
plained and easy to understand. Additionally, the objective tone of Al responses fur-
ther boosted respondents’ trust. These elements collectively enhanced Al's explain-
ability. As one respondent noted, “When I receive information from a human profes-
sional, I expect it to contain more academic language, which is harder to understand
and less explanatory. Information from Al however, uses simpler words and is easier to
understand.”

6.4 Study 2: Laboratory Study

Study 1 demonstrated that the factors of actual source and disclosed label both
affect people’s perceived trust (self-reported) in health information. To further under-
stand the process and user behaviors involved in forming trust perceptions, we con-
ducted an in-person experiment. This study explored how health information from
different sources and labels affects people’ s behavioral and physiological states.

6.4.1 Study Methods

Design

Similarly to the online survey study, we utilized a within-subjects 2 (IV1 - Infor-
mation Source: Human Professional vs. LLM) x 2 (IV2 - Disclosed Label: Human Pro-
fessional vs. Artificial Intelligence) x 3 (IV3 - Information Type: General vs. Symp-
tom vs. Treatment) factorial design tested in a controlled, laboratory environment (as
shown in Fig 6.4). Different from Study 1, participants experienced all 12 distinct condi-
tions for this in-person lab experiment, enabling direct comparisons between human
and LLM-generated health information. We opted for a within-subjects design for
all independent variables to facilitate a nuanced analysis of participants’ behavioral
and physiological responses across different conditions. Specifically, for the source
of information (IV1), we aimed to observe whether participants exhibited different be-
havioral (e.g.,, gaze patterns) and physiological (e.g., heart rate, skin conductance) sig-
nals when reading information attributed to human versus LLM sources. While these
sources may differ in presentation styles, it is also possible that participants’ trust per-
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(1) Monitor

(6) 3M electrodes
LEAD-II for ECG

(5) Miniature Pt1000
sensor for skin temp

Figure 6.4: The hardware setup for presenting the text stimulus and collecting physiological signals, eye move-
ment, and pupil dilation.

ceptions were influenced more by their belief about the source of the text (human vs.
Al) rather than the actual content or style. A within-subject design was critical for dis-
entangling these effects, as it allowed each participant to serve as their own control,
reducing variability across conditions and enabling a clearer examination of these fac-
tors. Participants rated their perceived level of trust for each set of health information
while their eye-tracking data (gaze positions and pupil diameter) and physiological re-
sponses (ECG: Beats Per Minute (BPM), Beat-to-Beat Interval (BPI), Root Mean Square
of Successive Differences (RMSSD); EDA: Skin Conductance Level (SCL) and Response
(SCR); Skin Temperature) were recorded throughout the tasks.

To address our second research question, we explored whether behavioral and
physiological signals can be used to understand and predict trust perceptions toward
human and Al-generated personal health information. Therefore, we set up two pre-
diction tasks that make use of our sensed data: (1) predicting participants’ perceived
trust in health information by both regression on perceived trust scores and binary
classification on trust level (high vs. low); and (2) classifying the actual source of the
health information.
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Health Question
What is (are) Migraine ?

Source of the Answer:
Artificial Intelligence (Al)

Answer to Question:

If you suffer from migraine headaches, you're not alone. About 12 percent of the U.S.
population gets them. Migraines are recurring attacks of moderate to severe pain. The pain is
throbbing or pulsing, and is often on one side of the head.

During migraines, people are very sensitive t liht and sound. They may aiso become
nauseated and vomit. Migraine is three times more common in women than ome
people can tell when they are about to have a migraine because they see Tlashing lights o
zigzag lines or they temporarily lose their vision.

Many things can trigger a migraine. These include:
- Anxiety

- Stress

- Lack of food or sleep

- Exposure to light

- Hormonal changes (in women)

Doctors used to believe migraines were linked to the opening and narrowing of blood vessels in
the head. Now they believe the cause is related to genes that control the activity of some brain
cells. Medicines can help prevent migraine attacks or help relieve symptoms of attacks when
they happen. For many people, treatments to relieve stress can also help.

(7) Stimuli

Using the 5-point scale ranging from 1 (Strongly disagree) to 5 (Strongly agree), please
select the statement that most accurately describes your perception of the question and the answer.

1am familiar with this health question

‘The information contains facts rather than opinions.

‘The information is impartial

Ifeel | can believe the information

‘The information has good quality

‘The information is objective

‘The information is comprehensive

The information is reliable

Itrust this information

‘The information tells me most of what | need to know

Strongly
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‘The information helps me to understand the issue better

‘The structure of the informationis clear

Ican understand the information easily

Ican read the information easily

(@]
(]
(@]

Disagree

0000000000000 0
0000000000000 0
0000000000000 0
0000000000000 0

Neutal

i

strongly
agree

Health Question:

e

Using the 5-point scale ranging from 1 (Strongly disagree) to 5 (Strongly agree), plea:

select the statement that most accurately describes your perception of the question e e

itive to light and sound. They may also hecome
\es mare common in women in men. Some
about to have a migraine because they see flashing ||ghts or
rarily lose their vision.

jer a migraine. These include:

\anges (in women)

1o believe migraines were linked to the opening and narrowing of blood vessels in
the . Now they believe the cause is related to genes that control the activity of some brain
cells. Medicines can help prevent migraine attacks or help relieve symptoms of attacks when
they happen. For many people, treatments to relieve stress can also help.

AOI-2

Answer:
AOI-1 AOI-3
jence (Al)
‘renot alone. About 12 percent of the U.S. ‘The information: rather than opinions.
ing attacks of moderate to severe pain. The pain is
n one ad- of the head. Thelr

| es! | can believe the information
‘The information quality
The information; x“

‘The information is comprehensive
‘The information is fellable

Irust this information

‘The information tells me most of what I need to know

Strongly
disagree

‘The stuchure of the information s clear

| can understand the information easily

I can read the information easily

00000000000000

o
§
§

00000000000000

Neutral

0000000000000 O0

00000000000000 ¢
00000000000000

Figure 6.5: Top: An example of text stimulus displayed on the monitor. Bottom: Heatmap of the gaze points
on stimuli. Three AOIs are predefined: AOI-1 is the area for presenting disclosed label; AOI-2 is the area for
presenting health information; AOI-3 is the area to rate the perceived trust in health information.

Stimuli and apparatus

We developed a web interface that displays the health information (question and

answer pair) and the questionnaires for participants to rate their trust scores (see

Fig 6.5). The health information was identical to the material used in Study 1, as de-

scribed in Section 6.3.1. Each set of health information was labeled as being generated

either by “Human Professionals” or

“Artificial Intelligence”, regardless of the actual
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source.

We used a PHILIPS (full HD, 1920*1080, 100 Hz) monitor to display the stimuli.
The eye movements and pupil diameter (PD) data were recorded by Tobii Pro Fusion
eye tracker. The remote eye tracker was attached to the bottom of the monitor and
connected to a computer (Windows, Intel core i5, 16GB RAM) running the Tobii Pro
Lab software [400].

Physiological signals, including ECG, EDA, and skin temperature, were measured
using a BioSemi amplifier [401] (as shown in Fig 6.4). ECG was captured through a dis-
posable 3M Red Dot in LEAD-II configuration, EDA was measured with electrodes at-
tached to fingers, and skin temperature was monitored with a miniature Pt1000 sen-
sor, all at a 24-bit resolution and 1000 S/s sampling rate. These data were collected
using software FysioRecorder version 2.1 [401].

Data recording was initiated through a central recording application developed
in PsychoPy [402], connecting to sensors via IP addresses to simultaneously capture
synchronized ECG, EDA, skin temperature, and eye-tracking signals.

Self-reported measures

We collected several self-reported measures, consistent with those used in Study
1 described in Sec 6.31. These included demographics, prior experience with online
health information and Al, the propensity to trust technology (PPT), eHealth, and Al
literacy. Additionally, we assessed the perceived reliability of Al and human profes-
sionals using a single item for each: “How reliable do you find Al/Human Profession-
als?” Responses were captured on a 5-point Likert scale, ranging from 1 (Not at all) to
5 (Extremely). They were collected before the formal reading task.

During the reading task, we repeatedly measured the participants’ 1) familiarity
level with each given health question and 2) their perceived trust score in health infor-
mation [254,301], after they completed each stimulus.

Machine learning: setup and approach

We performed binary classification to predict information sources and applied
both regression and classification (i.e., binary and three-class classification) for trust
scores. The perceived trust score (see Sec 6.4.1), as an aggregate numerical rating
based on the Trust of online health information questionnaire [254, 301], naturally
lends itself to regression. However, this approach can be challenging to interpret
given that trust is an aggregate and overall complex construct. On the other hand,
trust classification simplifies interpretation but introduces an arbitrary split be-
tween high and low trust levels. To address this, we pre-processed the original trust
scores into high and low categories using the median value as a threshold for binary
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classification. For the three-class classification, we divided the trust scores into low,
medium, and high categories based on tertiles, creating balanced splits that account
for the distribution of scores.

We used several common machine learning algorithms as suggested in prior re-
search [393], including single models (i.e., Logistic Regression (LR), Random Forest
(RF), Support Vector Machines (SVM), Multi-Layer Perceptron (MLP), Linear Regres-
sion, Ridge Regression, Random Forest-based Regression), and ensemble methods
(i.e., boosting, voting, stacking and bagging). Models were built using hand-crafted
gaze features (i.e., fixations, saccades, pupil diameter) and physiological signals (i.e.,
BPM, BPI, RMSSD, SCL, SCR, and skin temperature).

We experimented with three feature sets: Gaze-only, Physiology-only, and Gaze +
Physiology. These sets trained and evaluated the selected models to determine how ef-
fectively they could predict participants' perceived trust scores and classify the source
of information. We only considered user-independent models to ensure that any pre-
dictions generalize across all participants, despite well-known challenges in general-
izing using peripheral physiological features [403]. Additionally, we set the “random
state” [404] parameter to ensure result consistency and used the “grid search” [405]
technique to find the optimal hyper-parameters of the models. The performance of
the regression models (for trust score prediction) was evaluated by Mean Squared Er-
ror (MSE) and Coefficient of Determination (R2). The performance of the classifica-
tion models (for trust level and information sources prediction) was assessed through
10-fold cross-validation [406], with the Macro-F1 [407] score as the average of these
validations.

Participants

For the in-person experiment, we used the same inclusion criteria as in Study 1
(age above 18 who are fluent in English language understanding). Participants were re-
cruited through the institute’s recruitment systems. A power analysis using G*Power
3.1 [207] for a within factors ANOVA indicated that at least 28 participants were re-
quired to detect a medium effect size seen in Study 1(0.24), with an alpha level of 0.05
and a power of 80%.

The characteristic information of the participants is listed in Table 6.4. Forty
participants (N = 40) were enrolled (F = 23, M = 16, NB = 1) aged between 18 to
65+ years, with 92.5% falling in the 18-34 age range. Regarding online health
information-seeking experience, 22.5% frequently or always used online sources,
62.5% occasionally searched online, and 15.0% rarely used online resources. For the
frequency of Al usage, 60.0% frequently or always used Al tools, 22.5% occasionally
used Al, and 17.5% rarely or never used Al
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Demographic Categories Numbers of
Participants (%)
Gender (N=40)
Female 23 (57.5%)
Male 16 (40.0%)
Non-binary 1(2.5%)
Age
18-24 23(57.5%)
25-34 14 (35.0%)
35-44 1(2.5%)
45-54 1(2.5%)
65+ 1(2.5%)
Education
Bachelor’ s degree 18 (45.0%)
Master’ s degree 17 (42.5%)
Doctorate or higher 5(12.5%)
Professional Domain
Health and Medical Science 2 (5.0%)
Science, Technology, Engineering, and 11 (27.5%)
Mathematics (STEM)
Business, Economics, and Law 8 (20.0%)
Communication, Arts, Culture, and 7 (17.5%)
Entertainment
Education and Social Science 7 (17.5%)
Other 5(12.5%)
Frequency of online health
information seeking
Rarely 6 (15.0%)
Sometimes 25 (62.5%)
Often 7 (17.5%)
Always 2 (5.0%)
Frequency of using Al tools
Never 2 (5.0%)
Rarely 5(12.5%)
Sometimes 9 (22.5%)
Often 18 (45.0%)
Always 6 (15.0%)
Duration of online health
information seeking
Less than 1 year 4 (2.8%)
1-3 years 24 (17.0%)
3-5 years 50 (35.5%)
5-10 years 45 (31.9%)
More than 10 years 18 (12.8%)

Table 6.4: Characteristics of participants in the lab study.

Study procedure

Each participant was invited to the institute for a single session at the lab. The
researcher first provided an overview of the study and task details, after which partic-
ipants gave informed consent before the lab session. During the pre-survey, partic-
ipants provided their demographic information (age, gender, occupation) and their
experiences with online health information search and interactions with Al.

Upon completing the pre-survey and successfully calibrating the sensors, par-
ticipants began the formal reading task. During the reading task, each participant re-
viewed 12 sets of health information: six were labeled as from human professionals
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and six as from AJ, regardless of the actual source. Sources and labels were counter-
balanced to minimize order effects. The entire session lasted approximately 60 min-
utes, and participants were rewarded with €10 for participating. The study received
approval from our institute’s ethics and data protection committee. The procedure of
the lab study is detailed in Fig 6.1(b).

Data pre-processing

Self-reported Trust Scores. To assess how factors such as information source,
labeling, and information type affect trust in online health information, we first
checked the suitability of the data for statistical analysis. A Shapiro-Wilk test [208]
confirmed that the self-reported trust scores deviated from a normal distribution.
Therefore, we applied generalized estimating equations (GEE) [210] to analyze trust
differences across information sources and labels, because of its robustness to viola-
tions of normality and flexibility to handle repeated ordinal measures. Additionally,
we conducted Spearman correlation analyses [213] with Bonferroni corrections to
explore relationships among the variables. Consistent with Study 1, and given that
the GEE results (Table 6.6) indicated no significant interaction effects between the
independent variables of source and labeling, we averaged the repeated measures
for each participant into a single observation across conditions. This simplification
allowed us to focus on the key exploratory relationships while maintaining analytical
clarity.

Eye Tracking Data Processing. Raw eye-tracking data were extracted from the eye
tracker (Tobii Pro Fusion) using Tobii Pro Lab software [400]), and time-synchronized
with stimuli. As shown in Fig 6.5, there are three Areas of Interest (AOIs): AOI-1 (dis-
closed label of source), AOI-2 (health information), and AOI-3 (rating scale). We chose
fixation threshold of 30° for velocity and 60 ms for duration, as suggested by online in-
formation reading task [408]. Gaze features including gaze duration, fixation (count
and duration), saccade (count and length), and pupil diameter were calculated to un-
derstand how users read the information. We excluded participants whose gaze ac-
curacy fell below 90%, resulting in 38 participants’ eye-tracking data being retained
for further analysis. After transforming data through Aligned Ranked Transformation
(ART) [409], we confirmed the non-normality of eye tracking data with the Shapiro-
Wilk test.

Physiological Signal Processing. Physiological signal was processed using Vs-
rrp98 software (v13.14) [401], following the practise in prior research [61, 62]. Key
physiological features derived from the raw ECG data using interval-to-interval
window size included BPM, BPI, and the main HRV metrics - the root mean square
of successive differences (RMSSD). For EDA data, we used the continuous decom-
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position analysis method [410] to separate it into the tonic SCL and phasic SCR
components, then calculated the mean SCL and SCR values, SCR count. Skin tem-
perature readings were screened for any abnormal responses. We excluded SCL
and SCR data when more than 4 out of 12 stimuli have values lower than .01uS or
exceeded 50uS, as these readings likely resulted from loss recording or movement
artifacts. As a result, we retained data from 34 participants for SCL and SCR analysis,
and 40 participants for ECG and skin temperature analysis. Following preprocessing,
we used the Shapiro-Wilk test to assess normality, revealing that all physiological
features were not normally distributed.

Given the exploratory nature of our investigation and the presence of multiple
comparisons, we applied appropriate corrections based on the type of data. First, self-
reported data were analyzed using a single GEE test, thus no multiple comparison cor-
rection was necessary. Second, for eye-tracking data, where multiple tests were con-
ducted for different features, we applied False Discovery Rate (FDR) correction [399]
to control for potential inflation of Type I errors. Third, for physiological data, no mul-
tiple comparison correction was applied because most of the physiological features
(e.g., RMSSD, ECG, EDA) were uncorrelated, as confirmed by correlation analysis, and
each feature was analyzed independently. This approach reflected our goal of treating
these features as distinct, non-overlapping measures, without assuming that they in-
fluence each other.

6.4.2 Findings

Descriptive statistics

Measures Mean SD
Familiarity of A 3.58 96
Perceived Reliability of A 313 61
Perceived Reliability of Human Professionals 378 .53
Pre-survey -
Propensity of Trust (PPT) 354 33
eHealth literacy 3.69 25
Al literacy 3.78 20
Conditions Mean SD
Source (Human) § Label (Human) 367 63
Source (Human) § Label (AI) 3.56 64
Source (LLM) & Label (Human) 392 56
Source (LLM) & Label (AI) 378 63
Trust score
Source (Human), regardless of Label 3.62 64
Source (LLM), regardless of Label 3.85 60
Label (Human), regardless of Source 3.80 61
Label (AI), regardless of Source 367 65

Table 6.5: Descriptive statistics of the lab study.

As shown in Table 6.5, participants demonstrated a generally positive attitude
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toward technology, with an average trust in technology score of 3.36 (SD=.23). Their
eHealth literacy averaged 3.69 (SD=.25), indicating proficiency in searching for digital
health information. Al literacy was even higher, with an average score of 3.78 (SD=.20),
suggesting a strong understanding of Al and its applications.

Regarding perceived trust, the lab study results closely mirrored those of the on-
line survey, despite being based on separate participant samples and independently
collected data. The self-reported trust scores from the lab study varied depending
on both the source and the labeling of the health information. Information both
sourced from and labeled as from human professionals had an average trust score
of 367 (SD=.63). When human-sourced information was labeled as Al, the score
slightly decreased to 3.56 (SD=.64). LLM-sourced information labeled as from human
received the highest trust score of 3.92 (SD=.56), while information sourced from LLM
and labeled as from Al had a trust score of 3.78 (SD=.63). Overall, participants reported
higher trust in LLM-sourced information (M=3.85, SD=.60) than in human-sourced
information (M=3.62, SD=.64), echoing the trend observed in the online survey and
indicating a growing acceptance of Al (i.e., LLM) in health contexts. However, informa-
tion labeled as coming from human professionals was trusted more (M=3.80, SD=.61)
than that labeled as AI (M=3.67, SD=.65), suggesting that labeling plays an influential
role in trust formation, potentially even more than the actual source. These findings
reinforced the patterns found in the online survey while providing additional validity
through the lab sessions.

Analysis of self-reported trust

Outcomes Conditions Coefficient (3) P-value Effect (Std.)
Source (Human vs. LLM) 22 <.001** .35 (medium)

Trust score Label (Human vs. Al) -15 01** .23 (medium)
Source * Label 03 71 .05 (small)

Table 6.6: Results from the GEE analysis on the self-reported trust score. (**p<.01, *p<.05)

Table 6.6 presents the results from the GEE analysis on self-reported trust scores
from the lab study. Consistent with the online survey, both the source and the label
significantly impacted trust perceptions. Fig 6.6 further illustrates the same pattern,
echoing the online survey results. Trust was highest for LLM-sourced information la-
beled as human and lowest for human-sourced information labeled as AL

The analyses first revealed a significant effect of information source on trust,
with a coefficient of 0.22 (p < 0.01), indicating that LLM-sourced information was
generally trusted more than human-sourced information, i.e., without knowledge of
the actual source. This suggested that the source of information is crucial in shaping
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Figure 6.6: Left: Perceived trust score in information by sources regardless of labels, and by labels regardless
of sources. Right: Perceived trust score based on different source and label conditions. Each plot shows score
density (width), with the red dot as the mean, the black line as the median, and thick bars denoting the interquar-
tile range (IQR). Horizontal lines indicate significant pairwise differences (**p<.01, *p<.05).

trust, as Al-generated content may be perceived as more structured and objective
than human-authored content. While the raw coefficient represented a modest
change of 0.22 points on the 5-point Likert scale, the corresponding standardized
effect size (Std.3=0.35) was classified as medium. This reflected the bounded na-
ture of the Likert scale, where even small raw differences can indicate meaningful
relationships due to the relatively low variability in responses. Thus, the medium
effect size underscored the practical relevance of the findings despite the small-scale
differences.

Labeling also significantly impacted trust, with a coefficient of -015 (p = 0.01),
meaning information labeled as Al was trusted less than when labeled as human
professionals. The negative coefficient suggested a preference for human-labeled
information, as participants may associate human endorsement with greater cred-
ibility. Similarly, while the raw change (-0.15) was modest, the standardized effect
size (Std.[3=0.23) reflected a medium effect, emphasizing that the impact of labeling,
though subtle on the scale, has measurable and meaningful implications for trust
perception.

Notably, the interaction between source and label was not significant with a co-
efficient of 0.03 (p = 0.71), indicating that the combined influence of source and label
doesnot affect trust beyond their individual effects. The small standardized effect size
(Std.5=0.05) confirmed that this interaction effect is negligible.

Analysis of eye movement data

The results of GEE analysis [210] on eye tracking data are detailed in Table 6.7,
showing varied eye movement patterns. In AOI-1(label area), fixation (count and dura-
tion), saccade count, and pupil diameter of fixation showed significant differences by
information sources and labels. In AOI-2 (main information area), fixation duration
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Outcomes  AOI Conditions Coefficient P-value P-value Effect (Std.f3)
(B) (orig) (corr)
Source -4.02 033 .079 22 (medium)
AOI-1 Label -4.54 015 055 25 (medium)
Source x Label 6.01 082 150 33 (medium)
. Source 061 962 962 .00 (small)
Fixation AOI-2 Label 323 827 910 02 (small)
Count Source X Label 3461 036 .079 .26 (medium)
Source -814 198 272 14 (small)
AOI-3 Label 9.90 151 237 17 (small)
Source X Label -5.53 559 683 10 (small)
Source -51.39 000 000 ** 43 (large)
AOI-1 Label -3764 006 017* 31 (medium)
Source X Label 71.27 000 .000 ** .59 (large)
- Source 4.60 038 069 14 (medium)
Fixation AOI-2  Tabel 2.80 218 343 09 (small)
Duration Source x Label 175 584 642 05 (small)
Source -046 879 879 .01 (small)
AOI-3 Label -1.61 553 642 105 (small)
Source X Label 2.85 519 642 109 (small)
Source -513 044 .086 21 (medium)
AOI-1 Label -7.38 013 .047* .26 (medium)
Source X Label 8.89 047 .086 .36 (medium)
Source -4.35 787 787 03 (small)
Saccade  jo1p  Tabel 782 651 716 05 (small)
Count Source x Label 4377 026 071 28 (medium)
Source -9.40 223 307 12 (medium)
AOI-3 Label 10.71 160 251 14 (medium)
Source X Label -796 487 595 10 (medium)
Source 003 124 341 17 (medium)
AOI-1 Label 0.01 531 .649 .08 (small)
Source X Label -0.07 020 073 .38 (medium)
Source 0.00 355 558 .08 (small)
Saccade LengtAOI-2 Label 0.00 181 .398 12 (medium)
Source X Label 000 829 829 .02 (small)
Source 0.00 276 506 .08 (small)
AOI-3 Label 0.00 456 627 106 (small)
Source x Label 0.00 685 754 .05 (small)
Source -041 002 .011* .35 (medium)
AOI-1 Label -033 018 .040* 29 (medium)
Source X Label 0.50 003 .011* 43 (large)
Pupil Source 000 673 823 .01 (small)
Diameter AOI-2 Label 001 445 699 102 (small)
Fixation Source X Label 000 898 932 00 (small)
Source 0.00 227 416 .03 (small)
AOI-3 Label 0.01 531 730 .01 (small)
Source X Label 0.00 932 932 .00 (small)

Table 6.7: Results from the GEE analysis on the eye tracking data. (**p<.01, *p<.05, “p-value (corr)” denotes the
result from GEE analysis with False Discovery Rate (FDR) correction. )

showed significant differences by source. Fixation count and saccade count showed
significant interaction effects of source and label.

The post hoc comparisons shown in Fig 6.7 and Fig 6.8, participants demon-
strated higher fixation counts (p < .05) and saccade counts (p < .1) in AOI-2 (main
health information area) under the Al label condition, indicating that participants as-
sessed the information focusing more on the content itself rather than the label when



6.4. STUDY 2: LABORATORY STUDY | 189

AOI-1 AOI-2 AOI-3

250 140
200 120
100
1
50 50
100 60
40
50
20
o 0

Source Source Label Label Source  Source Label Label Source  Source Label Label
Human Al Human Al Human Al Human Al Human Al Human Al

Mean of Fixation Count

AOI-1 AOI-2 AOI-3

5
=
=
=
2

Mean of Fixation Duration

Source Source Label Label Source Source Label Label Source  Source Label Label
Human Al Human Al Human Al Human Al Human Al Human Al

Figure 6.7: Posthoc pairwise comparison by Wilcoxon signed-rank test with False Discovery Rate (FDR) correc-
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AOI-1 AOI-2 AOI-3

=
=
2
s

Mean of Saccade Count

Source  Source Label Label Source  Source Label Label Source  Source Label Label
Human Al Human Al Human Al Human | Human Al Human Al

AOI-1 AOI-2 AOI-3

=
5

Mean of Pupil Diameter
g 8 g 8 8

Source Source Label Label Source Source Label Label Source Source Label Label
Human Al Human Al Human Al Human Al Human Al Human Al

Figure 6.8: Posthoc pairwise comparison by Wilcoxon signed-rank test with False Discovery Rate (FDR) cor-
rection of saccade count and pupil diameter of fixation in three AOls. (**p<.01, *p<.05, -p<.10, “ns” is not
significant).

they were informed that the information is from AI This implies that trust-related
judgments in Al-labeled information were driven more by the actual content than the
labeling of the source. Participants also showed significantly fewer fixation counts
(p < .05)in AOI-3 (rating area) under the human label condition compared to the Al
label condition. This suggests that human labels might inspire greater confidence,
potentially influencing how users rate the trust score on the information. When
information was actually sourced from LLM, participants showed higher fixation
duration (p < .01) and counts (p < .1) in AOI-2, suggesting a more careful reading of
Al-generated content. Conversely, human-sourced information led to higher fixation
and saccade counts in AOI-3 (p < .01), indicating that LLM-sourced information
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might inspire greater confidence, potentially influencing how users rate the trust
score, which aligns with the self-reported trust perceptions.
Analysis of physiological signals

Table 6.8 presents the results from GEE analysis on physiological data, shedding
light on how physiological responses vary with different information sources and la-

beling.
Outcomes Features Conditions Coefficient P-value Effect (Std. )
Source (Human vs. LLM) -0.58 571 .07 (small)
BPM Label (Human vs. Al) -110 288 13 (medium)
Source x Label 138 341 17 (medium)
Source (Human vs. LLM) 211 435 12 (medium)
ECG RMSSD Label (Human vs. Al) 521 025* .29 (medium)
Source x Label -4.45 179 .25 (medium)
Source (Human vs. LLM) 8.88 242 12 (medium)
BPI Label (Human vs. Al) 1043 225 14 (medium)
Source x Label -1710 153 24 (medium)
Source (Human vs. LLM) 003 949 .04 (small)
SCL Label (Human vs. Al) -077 061 12 (medium)
Source x Label 038 414 106 (small)
EDA Source (Human vs. LLM) -0.56 399 .05 (small)
SCR Label (Human vs. Al) -092 082 108 (small)
Source x Label -098 576 108 (small)
Source (Human vs. LLM) 046 022* .31 (medium)
Temperature - Label (Human vs. Al) 042 029* 28 (medium)
Source x Label -0.57 058 .39 (medium)

Table 6.8: Results from the GEE analysis on the physiological signals. (**p<.01, *p<.05)

RMSSD, a feature derived from ECG data, was significantly higher for Al-labeled
information compared to human-labeled information (p = .025). Higher RMSSD indi-
cates greater heart rate variability (HRV), which is often associated with lower physio-
logical arousal. This aligns with the gaze patterns that participants paid less attention
to the labeling area (AOI-1) under ‘AT’ labels than 'Human' labels, as indicated by re-
duced fixation count and duration, saccade count, and pupil diameter (see Table 6.7,
Fig 6.7 and Fig 6.8).

Skin temperature responses also varied significantly between human and Al la-
bels (p = .029), as well as between human and LLM sources (p = .022). Higher skin
temperature in response to Al labels and sources suggests participants may have ex-
perienced increased emotional arousal or stress when interacting with Al-associated
content.

SCL (p = .061) and SCR (p = .082) average values did not exhibit statistically
significant differences, as shown in Fig 6.9. This suggests that EDA components, at
least within our study, were not discriminative of physiological arousal when users
encountered human versus Al-generated health information.
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Figure 6.9: Pairwise comparison without correction on features of RMSSD and SCR per participant. Left: partic-
ipants read the information labeled as from “Human Professionals” regardless of the source. Right: participants
read the information labeled as from “Al” regardless of the source. Boxplots show individual participant-level
distributions (median, IQR, outliers).

Correlation analysis

The Spearman correlation analysis [213] in Fig 610 and 6.11 revealed significant
relationships between the self-reported trust score and various gaze and physiolog-
ical features, indicating how participants’ perceived trust in health information is
linked to their behavioral and physiological responses.

Familiarity with the health question showed a strong positive correlation with
trust in the information (p < .01). Among gaze features, fixation duration in AOI-1
(label area) positively correlated with the perceived trust score (p < .01), indicating
that higher trust levels are associated with a longer focus on the labeling of informa-
tion sources. Additionally, pupil diameter of fixation in AOI-1(p < .01) also correlated
positively with trust score. Fixation and saccade count in AOI-3 (rating area) were neg-
atively correlated with trust, implying that participants who gave lower trust in the
information exhibited more frequent saccadic movements in the rating area, likely
reflecting efforts to evaluate or verify the information further.

No significant correlations were found between physiological features and trust
levels. However, there were correlations observed among the physiological features
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Figure 6.10: Spearman correlation with Bonferroni corrections between trust perceptions and the gaze fea-
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Figure 6.11: Correlation on variables. (**p<.01, *p<.05). Note: “SCR_Num”: number of SCR; “SCR_Avg": aver-
age value of SCR; “SCR_Max": maximum value of SCR; “SCR_Stand”: standard value of SCR.

themselves, such as BPM (Heartbeats), SCL, SCR, and skin temperature, though these
did not directly link to trust.

Predictions using behavioral and physiological sensing

To explore trust perception (i.e., self-reported trust scores) through behavioral
and physiological responses, we defined two tasks: 1) predicting participants’ per-
ceived trust score in health information and 2) classifying the source of the health
information.
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Gaze Only Physio Only Gaze + Physio
Models MAE R? MAE RZ MAE RZ
SVR 29 06 33 06 28 10
Linear Regression 25 .20 31 01 24 .20
Ridge Regression 24 21 31 01 24 .23
Random-Forest Regression 23 .25 25 19 .20 .35
XGBoost 24 22 .28 08 23 23

Table 6.9: Prediction on perceived trust score through regression using gaze and physiological features.

Gaze-only Physio-only Gaze+Physio
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Predicted Trust Score by Regression
.
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Figure 6.12: Prediction of perceived trust score using the Random-Forest Regression model on three different
features set: Gaze-only, Physiology-only, Gaze+Physiology. Each dot represents one participant’ s predicted
vs. actual self-reported trust score, with the red dashed line indicating perfect prediction.

Trust Level Source
Features Models 2-class (Acc/F1) 3-class (Acc/F1) 2-class (Acc/F1)
LR 65/.62 .57/.57 62/.55
RF 69/.65 .57/.57 57/.52
SVM .51/.53 A3[.42 60/48
MLP .57/.58 32/.32 A4 [ .53
Gaze Only GradientBoost 72/ .66 .54 /.54 .52/.52
AdaBoost 67/.64 .58/.58 .65/ .52
XGBoost 70/.66 54 /.54 43/.52
Voting .73/ 67 54754 60749
Stacking 70/ .66 .59/.58 49/ .55
Bagging 70/ .66 .57/.57 571 47
LR 65/.62 .58/.56 58/.54
RF 69/.65 .63/.63 60/.52
SVM .51/.53 43/.43 60/.49
MLP .53/.60 A8/.47 .59/.50
Gaze + Physio GradientBoost .72/ 68 .59/.56 .53/.53
AdaBoost 66/.64 .54 /.54 .65/ .64
XGBoost 65/.67 .57/.57 57/.52
Voting 67/.67 .59/.58 60/.53
Stacking 69/.66 60/.60 A8/.52
Bagging 70/.66 61/ .61 54/.53

Table 6.10: Classification on binary trust level (high vs. low) and 3-class (high vs. medium vs. low), as well as on
the source of information using gaze and physiological features.

For trust prediction, we first explored how regression models approximate per-
ceived trust scores using regression models: Linear Regression (LR), Ridge Regression,
SVM and Random Forest-based Regressions, and XGBoost. As shown in Table 6.9, the
Random Forest regressor on the combined Gaze+Physio feature set achieved the low-
est MSE of .20 and highest R? = .35 among the three feature sets, indicating the best
performance. This highlights the value of combining gaze and physiological features
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for trust assessment. Fig 6.12 illustrates the regression results.

Next, we performed both binary (i.e,, high vs. low) and three-class (i.e., high vs.
medium vs. low) classification of trust levels based on participants’ perceived trust
scores. As shown in Table 6.10, the ensemble method (Voting model) achieved the
highest accuracy (0.73) for binary classification using gaze-only features, while Ran-
dom Forest achieved the highest accuracy (0.63) for three-class classification using
combined gaze-physiological features. Notably, combining gaze and physiological
features did not consistently improve performance across all models, for instance,
the Gradient Boosting model achieved slightly lower accuracy (0.72) of binary classifi-
cation when incorporating both feature sets compared to using gaze features alone.
These results indicated that gaze features alone achieved higher classification accu-
racy for binary trust levels compared to combined gaze and physiological features. It
suggests that gaze features may play a more prominent role in predicting trust levels
than physiological responses, at least in the context of this study.

For the second task to classify the information source, combining gaze and phys-
iological features yielded the best results. The AdaBoost model achieved the highest
accuracy of 0.65 and F1 score of 0.64, indicating that physiological responses comple-
ment gaze features in distinguishing between human- and LLM-generated health in-

formation.

Top 10 Important Features in Trust Score Regression Top 10 Important Features in Information Source Classification
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russo Fiacoun20r2
Gazenursors - secctensors
sacctensor2 ePm I
secten Fouract
saccCount-A01-3 |G cazeour-A0l2 [N
SCR Avg ] Gazepur-roks
FixaDur-A0ks FixaDur I
FixaDur I SaccLen I

Figure 6.13: Top 10 important gaze (blue) and physiological (red) features in Random Forest regressor for pre-
dicting perceived trust score (Left) and in AdaBoost classifier for classifying the source of health information
(Right).

Fig 6.13 presents the feature importance for the prediction tasks following the
framework proposed by Lundberg and Lee [411] for better interpreting the model pre-
diction. In summary, gaze features were effective for predicting trust perceptions,
while combining gaze and physiological features could improve the classification of
information sources. The robust performance of ensemble methods across both tasks
highlighted their potential in developing tools to assess trust in health communica-
tion by leveraging gaze and physiological sensing.
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6.5 Discussion

We conducted an online survey and a lab study in this work to investigate how
users' trust responds to human versus Al-generated content, and in what ways trust
in online health information may be modulated by including transparency labels as
simple as “Human” versus “Al” labels on personal health information. Our findings
showed that self-reported trust in digital health information is influenced by its actual
source and disclosed labeling of the source. Further, the impact of these conditions
were also evident at a behavioral and physiological level. Below, we discuss these as-
pects in detail.

6.5.1 Users may Prefer LLM-Sourced Health Information, but An Al Label Lowers
their Trust

Both studies tested (RQJ) if the actual source, disclosed label, and type of infor-
mation influence perceived trust in online personal health information. Our findings
revealed that LLM-sourced content is trusted more than human-sourced content, re-
gardless of labeling, whereas human professional labels are trusted more than Al la-
bels. Trust however remained consistent across different information types (general,
symptom, or treatment-related), suggesting that the source and labeling, rather than
the type of information, are the primary determinants of perceived trust.

The observed difference in trust perception was evident in both self-reported
trust scores (i.e., higher trust scores of LLM-generated information) and qualita-
tive data, which suggests that participants have perceived subtle distinctions of
information presentation styles in the LLM- versus human professionals-sourced
information that provided cues for trust. The stronger effect observed in Study 2
(lab study with the within-subjects design) compared to Study 1 (survey study with
the between-subjects design) further supports this, as the within-subjects design
allowed participants to compare responses from both sources side by side. While
we cannot conclusively determine the specific factors in information quality driv-
ing higher trust, our findings imply that LLM-generated content may convey an
impression of clarity or objectivity that resonates more strongly with participants.
Our observation that LLM-sourced information was trusted more than that from
human professionals may reflect the advancements in LLMs like ChatGPT, which
can produce structured and high-quality responses [283, 284]. Notably, GPT-4 gen-
erated responses have been found to be perceived as more human-like than actual
human-authored content and other studies find that LLM-generated content is often
indistinguishable from human-generated text [15]. This explanation (i.e., generally
higher language quality of LLM-generated responses as a basis of trust) aligns with
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Dalton et al’s [29] proposal of emergent conversational information-seeking pow-
ered by LLMs, and is evident when assessing how LLMs are being used in the context
of healthcare [33, 239, 240, 283, 284]. Furthermore, researchers also suggest that
people prefer algorithms to humans in certain tasks and it could relate to individuals’
machine heuristic (rule of thumb that machines are more secure and trustworthy
than humans [366, 412]). In our studies, the qualitative analyses (Sec 6.3.3) further
confirmed that participants attributed the higher trust in LLM-generated content to
its efficiency, capacity to process extensive health data [185], and objective language
style [32, 33]. This suggests that recent LLMs' (e.g., GPT-4 [196]) ability to deliver
comprehensive and objective health information resonates with users, positioning
them as reliable sources of health information.

Paradoxically, when health information was labeled as human, it was provided
with higher trust scores than Al-labeled information, which is supported by Reis et
al. [365], who found that people value human-labeled advice more when aware of Al's
involvement, especially in the health context. This observation appears to generalize
across various domains, whereby an Al label can diminish people’s perceived quality,
even if the Al source was initially deemed superior. This includes AT art [413], gen-
eral communication [367], medical advice [377]. Even in clinical decision-making sce-
narios, people tend to prefer human decision-makers over Al, perceiving the latter as
less dignified [414], further highlighting a deep-seated bias against Al involvement in
sensitive health-related contexts. Moreover, Epstein et al. [415] found that not only
the presence of a label, but also its wording, can significantly affect trust. For exam-
ple, participants perceived content labeled as “Al-assisted” more favorably than “Al-
generated’, indicating that subtle linguistic framing influences users’ willingness to
trust. This suggests that beyond binary source disclosure, the design and language
of labeling also play a critical role in shaping perception. Our findings (Sec 6.3.3) con-
firmed that participants expressed greater trust in human expertise, which they asso-
ciate with verified knowledge, accountability, and human empathy. In contrast, they
viewed the lack of consciousness, ethical judgment, and transparency in Al as dimin-
ishing their perceived trust. The perspective expressed by our participants aligns with
De Freitas et al.'s [416] work about psychological factors affecting attitudes toward Al
acceptance, which identifies opacity (lack of transparency or explainability) and emo-
tionlessness (absence of empathy or moral understanding) as key factors driving user
resistance to Al tools. Our respondents echoed these concerns by highlighting AI’ s
lack of transparency and moral reasoning, especially in healthcare contexts, where
trust is closely tied to perceived ethical awareness and human empathy. These reac-
tions may also reflect a broader skepticism about machine consciousness [417]. Sum-
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marizing, although Al is recognized for its competence, our study showed that trans-
parency in labeling human elements is crucial, emphasizing the need for transparent
Al-powered systems [369] and authentic information [27, 418] to build trust, partic-
ularly when providing nuanced, personalized health advice [376, 377]. Clearly, there
may be hidden dangers in adopting labeling approaches and relying solely on labeling
as a trust mechanism (cf,, [380]), as they might lead users to erroneously believe un-
labeled content is accurate. This is related to the phenomenon what has been termed
the “implied truth effect” [419].

6.5.2 Behavioral and Physiological Features Can Vary by Health Information
Source and Label

Our results demonstrated that the effects of label and source are also evident
at the behavioral and physiological level. Prior work has shown value in leveraging
behavioral and psycho-physiological sensing across fake news detection in social
media [384] and information-seeking tasks [382], where such signals are indicative
of visual attention and information processing in these tasks. With respect to trust,
Ajenaghughrure et al's. [56] review found that while psychophysiological levels of
trust perceptions (e.g., arousal) can be detected (e.g., using EEG or ECG), how such
responses behave during user interactions (in real-time) remains underexplored. In
the context of our study, we first tested (RQ2) whether such signals vary during health
information processing across human versus Al-sourced content, and essentially
whether such signals can serve as a means of verifying and possibly even predicting
trust (Sec. 6.3.1). We found that participants displayed distinct gaze patterns related
to the source and labeling of the presented information. Specifically, we found
that longer fixation duration, higher fixation counts, and larger pupil dilation were
associated with information labeled as human-generated, suggesting a deeper cog-
nitive engagement with this human-labeled information, suggestive of higher trust.
Conversely, information labeled as Al-generated prompted more scanning behavior
(i.e., reflected in increased saccadic movements and shorter fixation durations),
indicative of increased verification processes. These results corroborate existing
research from others (e.g., Just et al. [420] and Rayner et al. [421]) who likewise found
that gaze patterns, especially the fixation and saccade behaviors, are indicative of
cognitive processing and information verification relevant to trust assessment and
dynamics.

For the peripheral physiological signals, we found significant differences in fea-
tures such as RMSSD and skin temperature when users encountered labeled health
information. No differences were found in skin conductance (SCL and SCR) measure-
ments. It is worth speculating what this means: these indicators aligned with users’
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self-reports, whereby health information labeled as from Al elicited higher HRV (ie.,
RMSSD) than the label of human professionals. Higher HRV is typically associated
with lower physiological arousal, possibly reflecting less cognitive processing or
more relaxed state. This interpretation is consistent with the meta-analysis by Kim et
al. [391], which found that HRV reliably decreases under stress or increased cognitive
demands, and increases under lower arousal or more comfortable conditions. In-
deed, HRV is one of the most commonly used psychophysiological indicators in trust
research [56], able to detect subtle variations in user state during human-computer
interaction. Although Ajenaghughrure et al. caution that trust classification using
physiological signals remains an open research challenge. Furthermore, the pattern
of reduced physiological arousal in response to Al-labeled information aligns with
the gaze data in our study, which suggested less attentional engagement (e.g., shorter
fixations, fewer regressions) with Al-labeled content compared to human-labeled
information. These findings suggest that participants may have processed Al-labeled
health information with lower cognitive and emotional investment. Similarly, higher
skin temperature levels were observed with both Al-labeled and LLM-sourced
information, suggesting lower emotional arousal and stress levels, aligning with par-
ticipants’ psychological interpretation of trust [61]. Le., participants gave higher trust
scores to the LLM-sourced information compared to human-sourced, and showed
less physiological arousal with the Al labels than human labels. Taken together, these
physiological signals could serve as a useful means to corroborate how users react
and feel toward content perceived to be sourced from humans versus Al systems,
while providing an additional layer of information about information processing and
associated affect.

6.5.3 Towards Disclosure-Aware Interfaces in Al-Powered Health Systems

Our research touches upon recent efforts in Human-Computer Interaction to
draw on physiological signals when designing or evaluating interactive systems [59],
for example through either cognitive load estimation using physiological and gaze
data [381]. These efforts are directed towards developing bias-aware systems by
utilizing physiological and interaction data [422], or more specifically, on predicting
trust using psychophysiological measures [393]. Hence, in Study 2, we explored
the utility of behavioral and physiological signals (e.g., eye movements) to predict
self-reported trust scores and the ability to discern the actual source of information.
In a user-independent setting, we achieved 0.35 R? in a regression task predicting
perceived trust scores, and 73% accuracy if we bin the trust scores (high vs. low) and
63% accuracy if we bin the trust scores (high vs. medium vs. low). Furthermore, we
reached 65% accuracy in classifying the information source. While these accuracies
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are modest and need independent replication, they provided a hint towards a future
of adaptive health information systems whereby a combination of behavioral and
physiological insights may be used for trust assessment beyond self-report, as well
as monitoring “depth” of attention and processing of information. Such sensors
would open the possibility of not only verifying trust perceptions but also, based on
sensing data, automatically inferring if and when to apply transparency labels on user
interfaces. ILe., given the critical role of UX in ensuring responsible Al in designing
and deploying Al systems [423], information systems can benefit from becoming
“disclosure-aware”, whereby the label is shown if sensed behavioral and physiological
data requires it. Trust can hereby already be scured at the interface level when
presenting health information [50]. Such disclosure-aware interfaces could be a step
toward reducing over- and under-reliance on Al-generated content (cf. [49, 51,424]),
particularly when it is known that source labels can influence trust. For example,
the interfaces could emphasize the Al origin of the information when behavioral
or physiological signals suggest over-reliance (e.g., accepting information without
adequate scrutiny), or withhold unnecessary cues when signs of under-reliance are
detected (e.g., premature skepticism toward accurate Al-generated information).

6.5.4 Limitations and Future Work

Our study had several limitations that should be considered when interpreting
findings.

First, we are cautious regarding the predictive results of physiological and behav-
ioral signals. While we have observed spikes in physiological activity and eye move-
ment markers, we advise against simplistic interpretations that human trust evalua-
tions (a complex and subjective phenomenon [254,256,371]) in health information can
be fully explained, or even be replaced, by such markers. Furthermore, physiological
signals can be indicative of multiple phenomena from attention to physical excitation
to underlying medical conditions [425]. Without careful contextualization, these sig-
nals could be misinterpreted as significant in scenarios where they merely represent
contextual noise. Future work could incorporate additional sensor modalities (e.g.,
fNIRS [422] or EEG [426]) to provide more robust measures of cognitive activities for
trust verification.

Second, the controlled lab environment may have influenced participants’
responses, as being observed might heighten scrutiny of Al-labeled information, po-
tentially amplified by societal caution toward Al. However, such an a "mere observer
effect”, are likely just typical for controlled psychological experimental conditions,
where participant awareness of observation can subtly affect behavior [427]. While
these settings are valuable for minimizing external confounders and ensuring re-
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liable comparisons across conditions, future studies should nevertheless validate
these findings in real-world environments to account for potential differences in
naturalistic behaviors.

Third, our study did not assess participants’ actual actions or decision-making
following the health advice provided. One of the core aspect of trust is its propensity to
steer decision-making in the context of uncertainty, even when this decision-making
involves taking risk (see Chapter 1in this thesis). Real-world decision-making, such as
whether participants follow AI- or human-sourced advice in practice may thus pro-
vide a more robust measure of trust. In future work, we therefore plan to employ
action-oriented trust paradigms through longitudinal experimental designs, such as
Ecological Momentary Assessment (EMA) [428]), which can observe participants’ de-
cisions and behaviors in real-world contexts and provide a more comprehensive un-
derstanding of trust dynamics. For the applicability of these results in developing real-
world solutions (e.g., using web-based gaze trackers [429] or rPPG, a technique that
estimates heart rate and other physiological signals from facial videos [430]), ethical
concerns over accountability [372], data privacy breaches, and potential over-reliance
on Al [37] must subsequently also be considered. hence, well-developed frameworks
are required whereby behavioral and physiological sensing involves continuous con-
sent based on robust on-device security and privacy controls, compliant with legal
regulations (e.g., European Al Act [431]).

Fourth, in both survey and lab experiment, measurements were taken at a single
point in time. While practical, this approach may not fully captures dynamic nature
of information-processing and trust [261]. Include multiple time points or trials per
condition will reduce individual variability, hereby improving robustness, in addition
to establishing trust dynamics over time. Longitudinal designs would provide knowl-
edge of how trust in health information is influenced which may generalize better to
how LLMs are being used in the real-life digital health context. Additionally, while
all LLM-generated responses were reviewed for accuracy and alignment with health
guidelines, we did not explicitly screen for stylistic differences such as tone and uni-
formity, which might also influence trust perceptions. Future work should system-
atically evaluate the role of stylistic linguistic features, such as clarity, tone, and per-
ceived quality, with regard to the trust in Al

Lastly, our participant sample (notably WEIRD [432]) across both studies was not
representative of the general population, further limiting generalization. This is par-
ticularly relevant for groups with varying levels of Al literacy or differing baseline trust
in technology. Acknowledging this limitation helps specify to whom these findings
most apply. Nevertheless, our study provides a key initial step toward understanding
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the impact of source and labeling in online health information. Future expansiontoin-
clude participants from varied demographics can enhance our understanding of how
trust in health information is perceived across different groups.

Overall, this study highlighted how AI labeling influences trust in health infor-
mation in controlled settings using a homogeneous sample. These findings under-
scored the need for future research using real-world, longitudinal designs for captur-
ing trust-related behaviors over time. Addressing these gaps will be essential to in-
form the design of AT health systems that are both trustworthy and inclusive.

6.6 Conclusion

Through a mixed-methods crowdsourcing survey (N=142) and within-subjects
lab study (N=40), we found that Al-generated health information is trusted more than
content sourced by human professionals, regardless of labeling, while human labels
are trusted more than Al labels. Furthermore, we found that trust perceptions in per-
sonal health information are not only influenced by the source and label but also vary
atbehavioral and physiological levels. Our work highlighted the importance of consid-
ering Al transparency labels when measuring trust in online health information, and
in developing techniques for verifying subjective trust perceptions and automatically
inferring if and when to apply transparency labels based on sensed behavioral and
physiological data. As such, we invite future research on understanding and designing
for the physiology of online human-AI interactions, within and beyond AI-powered
health information systems.






General Discussion

7.1 Answering the Research Questions

This thesis explored two interconnected themes in LLM-powered digital health:
(1) aligning LLMs with domain expertise for controllable and explainable digital
health behavioral intervention; and (2) investigating how trust in LLM-powered
health communication is influenced by user interface and source transparency, us-
ing mixed methods including behavioral and physiological sensing. Across multiple
empirical studies, we examined the capabilities and limitations of LLMs in health
intervention and communication, addressing the research questions. This chapter
provides a general discussion of the findings for each research question, as well as
the implications of the research presented in the thesis.

7.1.1 Aligning LLMs with Domain Expertise for Health Behavioral Intervention

RQ 1: How well do LLMs perform in generating reflective utterances in Motivational
Interviewing (MI) sessions? (Chapter 2)

In Chapter 2, we systematically assessed LLM'’s performance across multiple lan-
guage models and prompting strategies to evaluate its ability to generate reflective
utterances in MI sessions. The primary objective was to determine whether LLMs
can generate contextually appropriate, specific, natural, and engaging reflections,
aligning with the core principles of MI. The evaluation combined automatic metrics
(e.g., BERTScore and BLEURT) with human assessments, providing a comprehensive
evaluation and impression of LLM-generated reflections in MI.

Findings from human assessments in Chapter 2 suggested that LLMs, partic-
ularly GPT-4, can generate reflective utterances that are perceived as comparable



204 | 7. GENERAL DISCUSSION

to human-authored reflections in terms of appropriateness and specificity. GPT-4
consistently outperformed Llama-2 and BLOOM, producing reflections better aligned
with MI principles, suggesting its stronger capacity to process longer conversational
context and maintain relevance to client statements. Additionally, context length
played a significant role in reflection quality. When models were provided with a
longer conversation history (five turns instead of one turn), their reflections were
rated as more appropriate and contextually aligned. This suggests that LLMs benefit
from extended conversational context, enabling them to generate reflections that are
more coherent and connected to previous interactions. However, engagement scores
slightly declined with longer contexts, indicating that while LLMs could maintain
contextual relevance, their ability to produce engaging and dynamic responses may
be constrained when managing extensive conversation histories. This trade-off may
echo broader patterns observed in SSAG in Chapter 4, where certain response types,
such as therapeutic questions and advice, were retrieved and paraphrased from
expert-crafted utterances to ensure safety and alignment. Although not directly com-
pared with the study in Chapter 2, one might expect similar effects on engagement:
longer context with pre-scripted or paraphrased responses, while appropriate and
relevant, may give less emotionally resonant to users. This raises interesting design
questions around balancing contextual grounding with emotional engagement in
multi-turn psychotherapeutic conversations.

While LLM-generated reflections were often rated highly in appropriateness and
specificity, they fell short in capturing the deeper emotional nuances of human thera-
pists. Our manual content analysis of generated reflections revealed that LLMs some-
times made implicit assumptions about client statements rather than eliciting deeper
self-reflection, a key function of MI. This indicated that while LLMs can mimic MI tech-
niques to some extent, they lack the intuitive adaptability and emotional intelligence
of trained human therapists.

Overall, LLMs, particularly GPT-4, demonstrated strong potential in generating
MI-consistent reflections, especially when provided with extended conversational
context. However, their performance remained context-dependent, and they still
exhibited limitations in emotional depth, engagement, and flexibility in adapting to
dynamic therapeutic interactions. These findings highlighted the feasibility of using
LLMs as supportive tools for MI-based interventions while emphasizing the need for
further refinements in their ability to generate emotionally resonant and adaptive
reflections.

RQ 2a: Do expert-crafted dialogue scripts remain essential for chatbot-delivered psy-
chotherapy in the era of LLMs? (Chapter 4)
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LLMs demonstrated strong potential and capability in generating specific dialogue
utterances called “Reflections” in MI (Chapter 2). Therefore, we continuously inves-
tigated how LLMs aligned with domain expertise perform in generating psychothera-
peutic dialogues for health behavior intervention in Chapter 3 and 4.

RQ 2a explored Script-Aligned Generation (SAG) as a key method to align LLMs
with domain expertise (i.e., expert-crafted dialogue scripts) for delivering psychother-
apy. To thoroughly examine it, we divided RQ 2a into two subcomponents: RQ 2a (1)
evaluated whether LLMs aligned with expert-crafted dialogue scripts outperform
rule-based chatbots and pure, unaligned LLMs; and RQ 2a (2) compared two ap-
proaches for script alignment: fine-tuning and prompting, to determine which is
more effective and efficient. Together, these questions help assess both the necessity
of expert scripts in the LLM era and the most efficient method for aligning LLMs.

The findings for RQ 2a (1) showed that SAG-aligned chatbots significantly out-
perform both rule-based chatbots and unaligned pure LLMs across key therapeutic
metrics. While rule-based chatbots ensured strict safety and adherence, they lacked
adaptability. Pure LLMs, although more fluent and engaging, often failed to follow
therapeutic structures and goals. In contrast, SAG combined the structure of expert-
crafted scripts with the adaptability of LLMs, enabling conversational interactions
that are both therapeutically grounded and conversationally natural. This highlighted
that expert-crafted dialogue scripts remain essential, not as rigid templates, but as
flexible scaffolds for LLM-powered psychotherapy. To answer RQ 2a (2), prompting
was found to be a more effective and efficient alignment method than fine-tuning.
Prompted SAG LLMs better preserved therapeutic structure and offered better
conversational flexibility and engagement, while requiring fewer resources than
fine-tuning. This makes prompting a scalable and adaptable approach for aligning
LLMs with expert-designed therapeutic content in real-world applications.

RQ 2b: Can psychotherapy chatbots using script-strategy aligned generation (SSAG)
achieve comparable conversational quality and therapeutic effectiveness to
those using script-aligned generation (SAG)? (Chapter 3 & 4)
This question examines whether Script-Strategy Aligned Generation (SSAG), an
extension of script-aligned generation (SAG), can reduce expert scripting demands
while maintaining therapeutic structures. Unlike SAG, which requires full expert-
crafted dialogues, SSAG combines partial expert-scripted dialogues (e.g., therapeutic
topics and key questions) with MI strategy prediction to guide dialogue generation.
This approach integrates both script and strategy alignment, echoing prior work that
highlights the value of therapeutic expertise in instructing psychotherapy [158].

To assess SSAG’ s feasibility, we first validated LLMs' ability to predict rel-
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evant MI strategies for the next conversational turn (Step 1 of SSAG). Results on
two benchmark datasets (AnnoMI and BiMISC, Chapter 3) showed that models like
GPT-4 can effectively identify appropriate strategies, an essential step for generating
coherent and goal-directed therapeutic responses subsequently. Automatic eval-
uations (i.e, BLEU, ROUGE, METEOR, BERTScore and Entropy) further confirmed
that strategy-aligned prompting can improve the generated response’s alignment
with MI principles. Moreover, open-source models (e.g., Qwen-14B, Llama-2-13B)
also performed competitively with GPT-4, highlighting the scalability of SSAG using
publicly available models.

In Study 2 of Chapter 4, we compared SSAG with SAG (prompting-based). Find-
ings showed that SSAG achieved comparable performance across evaluation criteria
such as empathy, engagement, MI adherence, and relevance, suggesting that while
expert-authored scripts provide important therapeutic structure and fidelity, they do
not need to be used in full. By anchoring each generated utterance to a predicted
MI strategy, SSAG preserved structure and therapeutic quality while enabling more
adaptive and flexible dialogue generation. Participants described SSAG chatbots as
“structured but flexible”, reflecting the benefit of strategy-level alignment without full
reliance on the expert-crafted dialogue scripts. In sum, SSAG offered a promising
middle ground, maintaining therapeutic effectiveness with reduced expert input, en-
abling scalable, explainable, and controllable development of psychotherapy chatbots.

RQ 2c: To what extent can SSAG reduce the reliance on expert-scripted content for
developing the psychotherapy chatbots? (Chapter 3 & 4)

The work in Chapter 4 demonstrated that Script-Strategy Aligned Generation (SSAG)
can reduce reliance on fully expert-crafted dialogue scripts while preserving thera-
peutic quality. Traditional rule-based chatbots and the LLM-powered chatbots em-
ploying SAG (Study 1 of Chapter 4) require extensive domain expert effort to author
structured dialogues, limiting their scalability. SSAG addressed this by separating
dialogue generation from full-scripted control: experts define high-level therapeu-
tic strategies, topics, and core questions, while LLMs generate responses guided by
the LLM-predicted MI strategies for the next conversational turn. Empirical results
showed that SSAG uses less than 40% of expert-authored content, achieving compa-
rable performance to the aligned LLM chatbots that use the full expert-crafted dia-
logues (i.e., SAG). This demonstrates a substantial reduction in manual scripting work-
load. The two-step SSAG process enables LLMs to produce adaptive, context-aware
dialogues while remaining anchored to domain principles.

From a broader human-AI collaboration perspective, SSAG enables structured
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division of labor, LLMs handle generation within expert boundaries, while preserv-
ing explainability and controllability. Through this lens, this work provides a practical
approach for expert-Al co-development and offers a promising step toward building
cost-effective, expert-informed and socially impactful Al technologies at scale that ad-
vance mental health support, particularly in areas where expert resources are limited.

7.1.2 Understanding Trust Perception in LLM-Powered Health Communication

RQ 3a: How does people’s perceived trust in health information vary across different
search agents (e.g., Google vs. ChatGPT) and dissemination interfaces (text-
based, speech-based, or embodied)? (Chapter 5)

RQ 3b: How does inherent trust in these agents and interfaces influence the trust per-
ception in health information? (Chapter 5)

Trust is a critical determinant of the adoption of health information from digital

systems [24], especially from AI or LLM. Our research in Chapter 5 revealed that

perceived trust in health information significantly differed and was influenced by
both the search agent and the dissemination interface.

Study 1 found that participants trusted health information from ChatGPT more
than Google. Interviews revealed that this higher trust was driven by LLM’ s inter-
active style, which made users feel heard and understood, as well as its personalized
and rapid responses, which enhanced perceived relevance and expertise of the sys-
tem. Additionally, ChatGPT’ suser-friendly interface was seen as intuitive to engage
with, further increasing its credibility. LLM-powered conversational agents [29], such
as ChatGPT, generate synthesized responses rather than directing users to external
sources. While this approach enhances accessibility and engagement, it also intro-
duces trust-related challenges, including lack of source attribution, potential biases,
perceived Al involvement [363, 365], and authenticity of Al-generated content [418].
These findings underscored the need for careful design in LLM-powered health sys-
tems to balance convenience with source transparency and reliability. In contrast,
trustin Google’ s health information was not primarily based on interaction design or
response style but rather on users’ longstanding familiarity with the search engine.
Trust in Google’ s health information was strongly correlated with inherent trust in
Google itself, which appeared to be inherited from the brand or familiar searching be-
havior. It suggested that historical use and perceived authority play a strong role in
shaping user confidence in searching with a traditional search engine such as Google.
No such correlation was found for ChatGPT, indicating that users may still be devel-
oping trust in LLM-powered search and distinguish between trust in system and trust
ininformation it provides. These differences may also be attributed to the fundamen-
tal contrast between retrieval-based and generative-based search modes. Traditional
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search engines like Google present ranked results from multiple sources, encourag-
ing active information-seeking, verification, and cross-checking.

Beyond the interactive mode how people search information, the interface
through which information is disseminated, through text-based, speech-based, or
embodied modality, also plays a crucial role in shaping trust [30]. Study 2 of Chapter 5
explored how dissemination interfaces affect trust perceptions. Participants favored
text-based interfaces due to their familiarity and ease of verifying information,
particularly in high-stakes health contexts. While speech-based and embodied
interfaces provided more engaging and natural interactions, they did not inspire the
same level of trust. The preference for text-based interfaces stemmed from their
ability to support deeper cognitive processing and facilitate cross-referencing, which
is essential when evaluating health advice. Correlation analysis further confirmed
that inherent trust in the interface directly influenced trust in the information it
delivered. Findings from interviews showed that speech-based interfaces increase
social presence and immediacy, which can enhance engagement but also introduced
challenges such as cognitive overload, difficulty in recalling verbal information, and a
lack of control over the information presented. Similarly, embodied interfaces, such
as robotic assistants, introduced non-verbal communication cues that amplify the
sense of human-like interaction. However, trust in embodied interfaces remained
highly context-dependent; while embodiment can enhance credibility in general
Al interactions, it may raise concerns regarding authenticity, privacy, and potential
biases associated with anthropomorphic Al representations, especially in health
domains, where accuracy and transparency are paramount.

These findings underscored the importance of not only the content delivered by
LLMs but also the design of LLM-powered health applications. Trust in search agents
and dissemination interfaces directly influenced how users interpret and evaluate
the health information provided. Designing future LLM-powered systems for health
information seeking will require an understanding of how to balance familiarity, in-
formation credibility, and interactivity across both agent and interface dimensions,
ensuring that conversational systems incorporate verifiable information sources and
transparency mechanisms to maintain credibility in health communication.

RQ 3c: What factors contribute to trust perception across search agents and dissemi-
nation interfaces? (Chapter 5)

While RQ3a and 3b address what participants trust, this sub-question (RQ3c) focuses
on “how”. From qualitative findings in Chapter 5, several key factors emerged that af-
fect perceived trust in health information, highlighting the interplay between search
agents, dissemination interfaces, and trust perceptions.
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A central factor is source transparency. Participants trusted information more
when the source was verifiable and explicitly cited. Google benefited from pro-
viding multiple sources and links for cross-checking, whereas ChatGPT’ s lack of
references raised skepticism, leading some participants to doubt the credibility of
its responses. Participants suggested that direct source attribution could enhance
trust in LLM-powered tools, making them more reliable for health-related inquiries.
Another key factor was prior experience and familiarity with Al systems. Individuals
with previous exposure to ChatGPT or similar LLMs tended to express higher trust
in their outputs. Similarly, participants more accustomed to text-based interfaces
reported greater trust, whereas speech-based and embodied modalities required
longer adjustment periods to establish trust. Search autonomy (i.e., perceived user
control), particularly the ability to independently verify and choose among informa-
tion, emerged as another trust factor. Google’ s open-ended retrieval model fostered
this sense of autonomy, whereas ChatGPT’ s one-shot generative responses, though
efficient, were viewed as opaque to audit, especially in health contexts. Furthermore,
cognitive processing mode affects how users engage with information across differ-
ent interfaces. Text-based dissemination supported deeper information scrutiny
and facilitated deeper cognitive processing, while speech and embodied interfaces
introduced higher cognitive demands, leading to surface-level trust judgments based
on interaction perceptions rather than factual accuracy of information.

In addition to these factors, machine intelligence and personalization brought
by LLM also play a significant role in affecting trust in Al-driven health communica-
tion. Participants trusted agents that provided contextually relevant, well-structured
responses, while generic or inconsistent replies reduced credibility. Personal-
ization can further influence trust in mixed ways, depending on user preference.
Some participants found tailored responses based on past interactions helpful and
confidence-enhancing. Others raised privacy concerns and feared that excessive
personalization could introduce bias or reduce exposure to diverse perspectives.
Trust was highest when personalization was transparent and users could control how
the system adapted its responses.

Taken together, these factors underscore that trust in LLM-driven health infor-
mation seeking is influenced not only by what is presented but also by whom and how
the information is presented, pointing to the need for transparent, user-adaptive, and
verifiable systems and interfaces in future health technologies.

RQ4a: How do the actual source, disclosed label, and type of health information influ-
ence perceived trust? (Chapter 6)

Building on the prior finding in Chapter 5 that trust is shaped not only by what infor-
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mation is presented but also by who presents it and how, the work in Chapter 6 delved
deeper into the roles of information source, disclosed label, and health information
type in shaping trust perceptions. The findings revealed a complex interplay between
these factors in shaping trust perceptions. Across both the online survey and labora-
tory experiments in Chapter 6, we observed that LLM-generated health content was
generally trusted more than human-authored content, regardless of the disclosed la-
beling, suggesting that users may perceive LLM-generated information itself as re-
liable and consistent. However, trust shifted when explicit labels were introduced,
with information labeled as human-generated being trusted more than Al-labeled
content, regardless of the actual source. This discrepancy highlighted a cognitive bias
in trust calibration, where users rely on labeling cues even when they do not neces-
sarily reflect perceived content quality. Notably, trust remained stable across health
information types (general, symptom, and treatment-related), suggesting that the in-
fluence of source and label transparency operates consistently across various health
contexts. This implied that users may form generalized trust heuristics based on Al
involvement rather than evaluating credibility based on specific information, as in-
vestigated in prior work [365]. This finding was particularly relevant for the design of
Al-driven healthcare systems, as they underscored the need for transparency mecha-
nisms to align user expectations with actual content reliability.

RQ 4b: Can behavioral and physiological signals provide insights into trust percep-
tions toward human- and Al-generated health information? (Chapter 6)

To gain deeper insights into how trust manifests beyond self-reported trust level, we
analyzed behavioral and physiological data from the lab study. Participants exhibited
distinct gaze patterns and physiological responses when interacting with LLM- ver-
sushuman-generated information and AI- versus human-generated labels. Gaze pat-
terns, including fixation count, fixation duration, saccade count, and pupil diameter,
revealed that participants paid less attention to the labeling area when information
was Al-labeled, potentially indicating lower cognitive effort or reduced scrutiny when
Al'was disclosed as the source. This suggested that users may apply a different cogni-
tive processing strategy when engaging with Al-labeled information, relying more on
content evaluation rather than label-based trust heuristics.

Physiological responses further reinforced these patterns. Higher RMSSD
(indicative of increased heart rate variability and lower arousal) was observed when
participants interacted with Al-labeled information, indicating lower physiolog-
ical arousal. Conversely, human-labeled content elicited stronger physiological
and behavioral responses, indicating greater cognitive investment in evaluating
human-labeled information.
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To furthervalidate the potential of behavioral and physiological sensing in detect-
ing trust, we trained machine learning models to classify participants’ trust levels
based on collected physiological and gaze data, using self-reported trust as the ground
truth. Our results demonstrated that gaze data alone achieved 73% accuracy in distin-
guishing between high and low trust levels. Besides, a combination of gaze and phys-
iological data reached 65% accuracy in identifying the actual source of information
(LLM vs. human). These findings suggested that trust is not only reflected in explicit
self-reports but could also be inferred from implicit behavioral and physiological indi-
cators, offering new directions for designing AI-powered health interfaces that adapt
to users' trust perceptions in real time.

By integrating explicit self-reported trust assessments, implicit behavioral
and physiological sensing, our study provides a complementary understanding of
how trust in health information is influenced by both information source and label.
Results highlighted complex interplay between cognitive and physiological processes
in trust formation and underscored importance of transparent Al disclosures in
health-related decision-making. Moreover, the ability to predict trust by behavioral
and physiological data suggested promising applications for real-time trust-aware
Al systems or user interfaces with regulatory frameworks such as GDPR [433] or
European Al Act [431], which could help mitigate misinformation and enhance user
engagement with credible health content.

7.2 Implications

This thesis provides critical insights into the role of LLMs in digital health, with
a dual focus on aligning them with domain expertise for health interventions and
understanding people’s trust formation in LLM-driven health information seeking.
The findings have broad implications for advancing LLM alignment techniques to
enhance explainability and therapeutic adherence, rethinking trust mechanisms
in LLM-generated health information, and addressing the ethical and regulatory
challenges of deploying human-centered Al in digital health. These insights under-
score the need for Al systems that not only leverage technical advancements but
also prioritize transparency, trustworthiness, and ethical responsibility in healthcare
applications.

Aligning LLM with Domain Expertise for Therapeutic-Adherent Health Intervention

The findings of this thesis underscore the importance of aligning large language
models (LLMs) with expert therapeutic expertise, such as motivational interviewing
(MI) strategies and expert-crafted dialogue scripts, to ensure their effective, reliable,
and responsible use in psychotherapy for health interventions. While LLMs exhib-
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ited strong capabilities in generating fluent and contextually appropriate responses,
their lack of inherent adherence to evidence-based therapeutic principles and struc-
tures, such as MI skill codes and CBT structures, limits their reliability and therapeutic
efficacy in sensitive psychological counseling contexts. This research demonstrates
that without proper alignment, LLM-generated dialogues may deviate from evidence-
based therapeutic principles, reducing their effectiveness. To address this, this the-
sis demonstrates that integrating explicit reasoning about therapeutic strategies into
LLMs improves both controllability and expandability. This alignment not only en-
hances the quality of LLM-driven therapeutic conversations but also contributes to
broader goals of explainable AI (XAI) research [434]. Making LLMs' generation trans-
parent is shown to be a critical step toward explainability, and ensuring controllable
deployment of Al in mental health and other high-stakes domains.

To achieve a more controllable and explainable integration of LLMs into psy-
chotherapy, this thesis explores an expertise-driven alignment, where LLMs are first
guided to predict MI strategies before generating responses aligned to the expert-
crafted dialogue scripts. This approach significantly improves therapeutic adherence,
response coherence, and explainability, ensuring that LLM-generated dialogues fol-
low recognized therapeutic techniques rather than relying solely on statistical text
generation [435]. Both computational and empirical findings validated that SSAG
enhanced the controllability and explainability of LLM-driven interventions, making
them more consistent with domain expertise.

Beyond MI, the implications of this work extend to broader psychotherapeutic
applications. Many counseling frameworks, such as cognitive behavioral therapy
(CBT) [17] or dialectical behavior therapy (DBT) [436], involve interventions that
require domain expertise for effective and efficient implementation. The align-
ment approach developed in this thesis provides a foundation for adapting LLMs
to other therapeutic frameworks, ensuring that LLM-driven health interventions
remain therapeutically valid and ethically sound. Furthermore, this research high-
lights the critical balance between therapeutic adherence and dialogue empathy in
LLM-generated dialogues for health behavior intervention. While expertise-driven
alignment (SSAG) improves adherence to therapeutic principles (i.e., MI strategies
and CBT structures), it remains challenging for LLMs to fully capture the emotional
nuances, adaptive responses, and long-term contextual awareness exhibited by
human therapists. This calls for future advancements in Al personalization, multi-
turn memory retention, and contextual adaptation, ensuring that LLM-powered
psychotherapy applications provide not only structured therapeutic responses but
also genuine empathetic engagement [437].
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By aligning LLMs with expert-driven strategies and dialogue scripts, this thesis
could contribute to the development of explainable, controllable, and therapeutically
effective LLM systems for mental health support and behavioral intervention. The
work in this thesis paves the way for Al-assisted digital psychotherapy that functions
as a complementary tool for therapists, digital coaching aids for patients, and scalable
mental health support systems for broader populations, ensuring that LLM-powered
health interventions are both therapeutically effective and ethically responsible.

Rethinking the Trust Perception in LLM-driven Health Communication: The Role of
Interaction Type, Dissemination Interface and Source Transparency

As Al-powered health communication becomes increasingly prevalent, trust
perception plays a critical role in determining the effectiveness and adoption of
LLM-generated health information. The findings of this thesis have significant
implications for the design of Al-driven health communication systems, the interac-
tion modes for health information-seeking, the development of transparency and
cognitive mechanisms for trust calibration in digital health interactions.

One key implication is the need to rethink the design of Al-powered applications,
including both models and user interfaces, to promote informed trust rather than
blind reliance. Findings from comparative studies between traditional search engines
(e.g., Google) and LLM-powered conversational agents (e.g., ChatGPT) revealed that
users generally exhibit higher trust in Al-generated health content due to its coher-
ent, direct, and seemingly authoritative presentation. However, this heightened trust
does not necessarily stem from increased accuracy but rather from the interactive,
structured, and personalized nature of conversational Al, which fosters a perception
of expertise and credibility. Moreover, studies examining the effect of dissemination
interfaces (text-based, speech-based, and embodied) revealed significant trust
variations based on interaction style. While text-based interactions remain the most
trusted due to their familiarity and ease of verification, speech-based and embodied
interactions introduce higher social presence, influencing users’ cognitive and
affective engagement with information retrieved. The findings suggest that users
associate richer interaction modalities with higher engagement, yet in high-stakes
health scenarios, they still prioritize transparency and verification over interactivity.
Tomitigate the risk of automation bias, LLM-driven health interfaces should integrate
features that encourage critical evaluation, such as interactive explanation displays,
source attribution, and mechanisms that enable users to compare information from
multiple sources. Future Al-powered health systems should be designed to balance
ease of access with mechanisms that encourage users to assess the credibility of
Al-generated information actively without over-reliance on Al
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Transparency mechanisms, particularly source disclosure (Al-generated vs.
human-generated labels), play a critical role in modulating trust perception, but their
effects are not always straightforward. This thesis found a paradoxical effect in Al la-
beling, while Al-generated content is generally trusted more than human-generated
content, explicitly labeling information as Al-generated reduces perceived trust
compared to human-labeled content, regardless of its actual source. This echoes the
work from Reis et al. [365], showing that medical advice labeled as Al was perceived as
less reliable and empathetic than advice labeled as human-generated, despite being
identical in content. This suggests that users hold implicit biases associating human
expertise with credibility, even when Al-generated content may be more objectively
accurate and well-structured. This underscores the need for more adaptive trans-
parency strategies rather than relying solely on rigid labeling practices. Future Al
health applications can explore context-sensitive transparency, where explanations
are tailored based on user familiarity, prior experience with Al, and the complexity
of the health information being presented. For example, novice users may benefit
from more explicit Al disclosures, while experienced users may prefer minimal but
well-integrated credibility indicators.

The findings of this thesis also highlight that trust in Al-generated information
is not solely determined by content quality but is influenced by cognitive processing,
inherent trust, and user interfaces. Users with longstanding familiarity with tradi-
tional search engines (e.g., Google) exhibited higher inherent trust in the information
retrieved from them, while trust in newer Al-powered search tools (e.g., ChatGPT) re-
mained less stable and continues to develop over time. This suggests that trust per-
ception is influenced not only by the accuracy or reliability of content but also by his-
torical experiences, perceived source credibility, and interaction familiarity. Such bi-
ases can affect how users engage with and interpret Al-generated health content, re-
inforcing the need for adaptive trust calibration mechanisms that account for these
pre-existing cognitive processes.

In addition, this thesis extended the established distinctions between self-
reported and physiological measures to the context of LLM-driven health com-
munication. The work of this thesis demonstrated how discrepancies between
self-reported trust and implicit responses (i.e., behavioral and physiological re-
sponses) manifest when users engage with LLM-generated health information. The
difference underscored the complex cognitive processes involved in trust formation,
where explicit judgments may not always align with the implicit reactions. Future
Al-powered health systems can incorporate real-time trust assessment mechanisms
that leverage such implicit signals, such as eye-tracking and cognitive load indicators,
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to detect trust fluctuations and dynamically adjust transparency, confidence displays,
explanations, and interaction strategies. For example, if a user exhibits hesitation or
skepticism, a trust-aware Al system could provide additional references, alternative
perspectives, or reassurance features to support informed trust.

Furthermore, findings revealed that Al-labeled content triggers higher cogni-
tive scrutiny, challenging the assumption that transparency always enhances trust.
Instead, static transparency labels may introduce skepticism or cognitive dissonance,
leading to inconsistent trust perceptions. These insights emphasize the need for
context-sensitive transparency strategies that dynamically calibrate disclosures
based on user expertise, engagement levels, and task criticality, ensuring users
neither blindly trust nor unjustly dismiss LLM-generated health content, ultimately
fostering more informed and balanced trust perceptions in LLM-driven health
communication.

Ethical and Regulatory Considerations for Human-Centered Al in Digital Health
Context

This thesis highlights the potential of LLMs in generating structured and explain-
able psychotherapeutic dialogues, but their application in sensitive health contexts
raises ethical concerns. Unlike traditional rule-based Al used for task-oriented pur-
poses, LLM-powered conversational Al engages directly with individuals in free, open-
ended conversational interactions. Without proper regulatory safeguards, such as
the EU Al Act [431] and GDPR [433], users may perceive harmfulness or develop over-
reliance on Al-generated responses. To mitigate these risks, LLM-generated health
advice must be explainable, traceable, and auditable to empower informed decision-
making. This thesis proposed alignment approaches for Al-driven psychotherapy, yet
broaderregulations must ensure that explainability becomes a standard requirement
in LLM-powered healthcare. Besides, accountability frameworks should define liabil-
ity in cases where Al-generated content leads to misinterpretation, misinformation,
or harm, especially in health contexts [372]. Establishing shared accountability be-
tween Al developers, healthcare providers, and regulatory bodies is essential to bal-
ance the benefits of Al-driven digital health solutions with responsible oversight. Ad-
ditionally, fairness assessments must be integrated into regulatory frameworks, en-
suring that Al is audited for biases in health content based on demographic and cul-
tural factors [438].

Moreover, the integration of Al in healthcare introduces complex transparency
challenges, particularly in balancing user awareness and trust calibration. While
Al-powered health systems enhance accessibility and democratize medical knowl-
edge, this thesis underscores the risks of over-reliance on Al or LLM-generated
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content and misguided trust in Al-driven health recommendations [439, 440]. Cur-
rent regulatory frameworks often emphasize static Al disclosures, assuming that
labeling online health information enhances transparency. While the work in this
thesis does not implement adaptive transparency, we speculate that it may support
informed trust by dynamically adjusting Al explanations and disclosures based on
user expertise, engagement levels, and task criticality. However, such mechanisms
also raise ethical and security concerns around manipulation, fairness, and user
autonomy, underscoring the need for careful design and future validation. Future
regulatory policies should define clear ethical boundaries for adaptive Al disclosures
in healthcare, ensuring transparency about the non-human nature of interactions
and preserving informed user consent. The research in this thesis also demonstrates
the potential of behavioral and physiological sensing as implicit measures of trust
in Al-driven health communication. While these techniques offer exploratory and
valuable insights into user confidence and skepticism, they also introduce significant
privacy and security concerns regarding Al’ s ability to monitor and interpret user
behavior [59, 297, 355]. The ethical implications of Al-driven trust measurement
extend beyond standard privacy issues, raising concerns about user autonomy,
informed consent, and potential Al manipulation [365]. Regulatory frameworks
should establish strict ethical boundaries to ensure transparent and responsible
use of behavioral sensing methods and data. AI and LLM-powered systems should
not exploit implicit trust markers to subtly manipulate user perceptions. Instead,
consent-based mechanisms must be implemented, granting users control over data
collection and Al adaptation features.

Beyond compliance and transparency, the role of Al in healthcare should be care-
fully positioned as an augmentative tool rather than a replacement for human exper-
tise [441]. As Al systems become more sophisticated, health decision-making will in-
creasingly involve hybrid human-Al collaboration, requiring policies that preserve hu-
man oversight rather than allowing full automation. This thesis emphasizes the im-
portance of designing Al as assistants, providing recommendations while keeping fi-
nal decision-making under human control. To support safe and effective Al integra-
tion into healthcare, regulatory guidelines should mandate shared decision-making
models, where LLM-generated health information is explainable and subject to hu-
man validation. Additionally, clear guidelines on responsibility-sharing between Al
developers, healthcare professionals, and policymakers are crucial to ensuring eth-
ical and safe deployment of Al and LLMs in health contexts. Furthermore, human-
centered Al policies should promote professional validation of Al-generated health
content, requiring Al-driven systems to undergo rigorous evaluation in real-world
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settings before widespread deployment. Ethical standards should also prohibit fully
autonomous Al decision-making in high-stakes health scenarios, reinforcing that Al
should support rather than replace human judgment.

7.3 Limitations and Future Work

While this thesis advances the understanding of LLM-powered health interven-
tion, trust in LLM-powered health information seeking, and human-AI collaboration
in healthcare, several limitations should be acknowledged. These limitations inform
directions for future research, which can build upon the findings to enhance the ex-
plainability and transparency of LLM-driven health applications or systems.

Limited Scope of LLM Alignment for Psychotherapeutic Health Intervention

One of the primary limitations of this research lies in the scope of LLM alignment
for psychotherapy. While this thesis focused on aligning LLMs with expert-crafted dia-
logue scripts based on cognitive-behavioral therapy (CBT) [17] and motivational inter-
viewing (MI) strategies [11, 64], MI and CBT are just two of many established counsel-
ing techniques. Other evidence-based therapies, such as dialectical behavior therapy
(DBT) [436], follow distinct conversational structures that may not generalize well to
the expertise-driven alignment (SSAG) developed here and vice versa. Even within
MI, training data limitations pose challenges. The datasets (Chapter 3 and 4) used for
training and evaluation, though valuable, may not fully capture the diversity of the
therapeutical principles, linguistic variations, and real-world contextual factors. The
annotated MI dataset (BiMISC, Chapter 3) for MISC coding was relatively small, poten-
tially limiting the fine-grained prediction or classification of less common MI strate-
gies such as complex reflections or nuanced affirmations. These gaps may lead to
imbalanced model performance [442], highlighting the need for broader alignment
approaches and more diverse, representative datasets to improve the robustness and
adaptability of LLM-powered psychotherapy.

Another challenge is that LLM-generated psychotherapeutic dialogues remain
static and session-specific, lacking approaches for longitudinal alignment across
multiple therapy sessions. Real-world psychotherapy involves ongoing interac-
tions where therapists dynamically adapt their behaviors based on the client’ s
progress, emotional state, and evolving situation. Current LLM alighment methods
do not account for the adaptive, multi-session nature of psychotherapy, limiting the
applicability in sustained mental health intervention.

Future work should explore the multi-framework approaches for LLM align-
ment, integrating strategies or expertise from different therapeutic frameworks to
enhance adaptability across diverse interventions. Expanding training datasets to
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include more varied therapeutic sessions and client demographics will also improve
model robustness. Furthermore, incorporating memory-augmented LLMs or rein-
forcement learning from human feedback (RLHF) [175] could enable Al systems to
track therapeutic progression over time, making LLM-powered psychotherapy more
contextually aware and personalized.

Balancing Therapeutic Adherence and Empathy in LLM-Powered Psychotherapy

While aligning LLMs with MI strategies and expert-crafted dialogue scripts
improves generative controllability and therapeutic explainability, a significant chal-
lenge remains in balancing adherence to therapeutic principles while maintaining
the generation of emotionally nuanced, empathetic responses for more engaging
conversations. Human therapists do not rely solely on predefined strategies, they
dynamically adjust their language, tone, and emotional expressiveness based on
subtle client cues, a level of adaptability that LLMs currently struggle to replicate.

In this thesis, Script-Strategy Aligned Generation (SSAG) followed MI strategies
more effectively than non-aligned baselines, but this adherence sometimes came
at the cost of emotional depth. For instance, LLM-generated reflections were often
rated as appropriate and structured but lacked deeper empathetic resonance in
MI sessions (Chapter 2), particularly when dealing with complex client statements
involving ambivalence, distress, or personal struggles. Human therapists can intu-
itively adjust the depth of reflections, balancing technical accuracy with emotional
engagement [11,443], whereas LLMs may default to more surface-level paraphrasing,
missing deeper therapeutic connection. Besides, LLMs lack true emotional under-
standing [437], relying on syntactic patterns and probabilistic estimations rather
than genuine empathic reasoning like humans. Work from Syed et al. [22] further
argues that Al perceives empathy differently than humans. Moreover, expertise-
driven alignment assumes that predicting MI strategies before generating responses
enhances explainability, yet therapeutic conversations are inherently fluid, requiring
therapists to spontaneously adapt strategies based on client cues and emotional
shifts. The rigid structure of LLMs may limit their ability to navigate unpredictable
conversational turns, detect subtle emotional changes, or respond with warmth and
affirmation, key elements of effective psychotherapy (Chapter 4). Additionally, while
automatic metrics and human evaluations assess therapeutic adherence, they fail to
capture deeper therapeutic impact, rapport-building, or the emotional resonance of
dialogues. This highlights the need for more nuanced evaluation metrics, incorporat-
ing empathic accuracy, user engagement, and context-aware analysis to bridge the
gap between structured alignment and natural, emotion-aware psychotherapeutic
interactions.
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Future research should explore aligning LLMs with emotion-aware signals, adap-
tive dialogue modeling, and (multimodal) sentiment analysis to enhance the natural-
ness and emotional intelligence of Al-driven psychotherapy. Developing dynamic, hy-
brid models that combine expert-guided therapeutic structures with more flexible,
empathy-driven Al interactions will be critical for improving the practical application
of LLMs in chatbot-delivered psychotherapy for health behavior intervention.

Challenges of Controlled Lab Studies in Capturing Real-World Trust Perceptions

Our investigation into understanding human trust perception in LLM-powered
health information seeking also poses a few limitations (Chapter 5 and 6). While the
lab-based experimental design allowed for in-depth exploration of trust formation in
LLM-powered health information-seeking and reduced external confounders, it may
not fully capture the complexity and spontaneity of real-world behaviors. In natu-
ral settings, individuals engage with health information dynamically, often revisiting
sources, comparing multiple perspectives, and incorporating prior knowledge over
time. The controlled lab environment may have influenced participants' responses,
astheact of being observed can heighten cognitive scrutiny and skepticism toward AI-
generated content, particularly due to societal caution regarding Al decision-making
in sensitive domains. This observer effect from experimental environments could
have led to more critical trust assessments than would occur in real-world, unmon-
itored interactions.

Additionally, in both survey and lab studies, trust was measured at a single point
(Chapter 6), whereas in real-world interactions, trust evolves with repeated exposure.
Initially, users may be skeptical of LLM-generated health information, but over time,
trust could increase due to familiarity or decrease if inconsistencies or errors emerge.
Repeated exposure may also lead to automation bias, where users begin to over-rely
on LLM-generated responses without critical evaluation. Besides, explicit Al labeling
may have different long-term effects, while Al-generated labels may initially trigger
skepticism, sustained exposure could either normalize trust or reinforce concerns
about credibility and reliability, especially if users associate Al-labeled content with
misinformation risks or a lack of human expertise. Furthermore, we did not assess
participants’ actual decision-making behaviors after receiving health advice in
the work of this thesis (Chapter 5 and 6). While trust in information was measured
through self-reported ratings and physiological markers, it remains unclear whether
these perceptions translate into real-world health decisions, such as adhering to
Al-suggested treatments or seeking additional human consultation.

Future research should investigate whether trust levels differ for users who re-
ceive explicitly Al-labeled information versus unlabeled or hybrid AI-human content
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and whether labeling effects persist or fade over time. Beyond individual experiences
with Al-generated health information, pre-existing trust in Al itself, shaped by media
influence, cultural attitudes, and prior exposure to Al systems in other domains, may
also significantly impact how users develop trust in LLM-powered health communi-
cation. Longitudinal studies are needed to examine how broader societal perceptions
of Alinfluence trust in Al-generated health information, particularly as Al continues
to evolve and integrate into high-stakes decision-making contexts like healthcare.
Action-oriented trust can also be investigated using methods such as Ecological
Momentary Assessment (EMA) [428], to track how users’ decision-making evolves
over time.

The Complexity of Interpreting Physiological and Behavioral Signals as Trust Indica-
tors

The lab study (Chapter 6) employed physiological (i.e., ECG (heart rate variability))
and EDA (skin conductance)) and behavioral sensing methods (i.e., eye-tracking) to
assess participants’ implicit responses to received health information. While this
method could provide valuable trust-related indicators, human trust is a complex and
subjective phenomenon that cannot be fully captured through physiological spikes
or gaze patterns alone. For instance, increased physiological activity could indicate
trust-related cognitive engagement, but it could also reflect stress, information
overload, or an unrelated emotional response. Without careful contextualization,
such signals risk being misinterpreted, leading to overgeneralized or misleading
conclusions about trust formation. Moreover, this thesis used self-reported trust
ratings as a reference point to evaluate physiological and behavioral signals, yet such
self-reports are themselves imperfect, subject to introspective bias. The observed
divergence between self-reports and implicit responses raises questions about
treating self-reports as definitive ground truths. Furthermore, physiological and
behavioral responses were collected in a controlled lab environment, where external
factors were minimized. However, trust can be influenced by situational factors in
real-world settings, such as personal health concerns, situational pressure, and prior
experiences with Al-based advice. Future studies should incorporate advanced trust
measurement frameworks, combining physiological sensing, self-reported trust
assessments, and behavioral indicators over extended periods to better capture the
nuances of trust formation. Additionally, advancements in adaptive Al trust calibra-
tion mechanisms, where Al systems dynamically adjust transparency, explanations,
and uncertainty disclosures based on real-time user engagement, could provide
deeper insights into how users interact with LLM-generated health content over
time.
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Lastly, the use of physiological measurement in Al systems raises ethical con-
cerns regarding data privacy, user consent, and potential Al overreach. Trust-aware
Al systems must be designed with strong ethical safeguards, ensuring that behavioral
and physiological data are used transparently and responsibly, with clear user con-
trol over data collection and interpretation. Future research should explore privacy-
preserving methods and regulatory frameworks, such as those outlined in GDPR [433]
and European Al Act [431], to establish ethical guidelines for using trust-aware Al in
healthcare applications or systems.

7.4 Conclusion

This thesis explores two critical aspects of LLM-driven healthcare: (1) aligning
large language models (LLMs) with domain expertise for health interventions, and
(2) understanding trust in LLM-powered health communication for health informa-
tion seeking and dissemination. Through computational modeling, empirical stud-
ies, and theoretical analysis, the research in this thesis advances the development of
controllable, explainable, and transparent Al applications in healthcare. The findings
provide valuable insights into how Al can be designed to support health interventions
and health communication while addressing challenges related to alignment, trans-
parency, and user trust perception.

The first research theme focused on aligning LLMs with domain expertise to im-
prove their effectiveness in psychotherapy. While LLMs generate fluent and contex-
tually appropriate dialogue, theirlack of intrinsic adherence to therapeutic principles
limits their therapeutical effectiveness. To address this, this research introduced an
expertise-driven alignment approach (i.e., SSAG), where LLMs were guided to predict
MI strategies before generating utterances. The results demonstrated significant im-
provements in therapeutic adherence, response coherence, and explainability, con-
tributing to the development of structured and explainable LLM-powered psychother-
apy applications.

The second research theme examined trust in LLM-powered health informa-
tion seeking, a key factor influencing the adoption of health information. Findings
revealed that interaction modality played a crucial role, with text-based interfaces
evoking higher perceived trust than speech-based and embodied ones. Notably,
participants reported greater trust in ChatGPT compared to traditional search en-
gines (i.e., Google), reflecting the quality and coherence of LLM-generated responses
in health contexts. Additionally, although users generally trusted LLM-generated
content more than human-generated health information, human-labeled content
was still perceived as more trustworthy, highlighting the influence of transparency on
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trust formation. Furthermore, behavioral and physiological data (e.g., eye-tracking
and ECG signals) were used to capture implicit trust responses, offering insights
into implicit reactions that may complement self-reported trust assessment. While
self-reports served as an important reference point, the sensing data provided an
additional layer of evidence to better understand participants’ underlying trust
perceptions. These findings suggested that future Al-powered health systems may
explore adaptive trust calibration mechanisms that adjust explanations and trans-
parency levels based on user engagement, though further research is needed to
evaluate their effectiveness and ethical implications.

From a broader perspective, this thesis contributes to responsible Al integration
in healthcare by addressing key challenges related to Al alignment, transparency, and
trust calibration. The findings in this thesis offer both theoretical and practical impli-
cations: (1) demonstrating how expertise-driven alignment enhances LLM-powered
health interventions, (2) providing insights into trust formation in LLM-powered
health communication, and (3) informing regulatory and ethical considerations,
advocating for context-sensitive transparency models, objective trust measurement,
and Al-assisted decision-making that prioritizes human oversight. Ultimately, this
thesis envisions a future where Al and human experts collaborate in the health
context, with Al serving as a supportive, explainable, and transparent tool rather than
an opaque decision-making system. By continuing to explore the intersection of Al
alignment, transparency, and human trust, researchers and practitioners can con-
tribute to the development of Al-driven applications that empower users, enhance
therapeutic decision-making, and improve access to high-quality, personalized
healthcare services.
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Summary

In this thesis, we explore two interrelated themes in the application of large lan-
guage models (LLMs) in health contexts: (1) aligning LLMs with domain expertise (i.e.,
expert-crafted dialogue scripts and therapeutic strategies) in delivering digital psy-
chotherapy for health intervention, to enhance controllability and explainability; and
(2) understanding people’s trust perception in LLM-powered health information seek-
ing. Through a combination of computational modeling, empirical studies, and theo-
retical analysis, this work advances both the methodological alighment of LLMs with
therapeutic principles and the human-centered evaluation, as well as the design of
LLM-driven health communication.

The first theme of this thesis focuses on enhancing the controllability and
explainability of LLM-powered psychotherapeutic health interventions by aligning
them with domain expertise. Chapter 2 initially investigates how well LLMs can gen-
erate reflective utterances, a core therapist’s behavior in M1, across three prominent
LLMs (GPT-4, Llama-3, and BLOOM). Evaluations using both automatic and human as-
sessments reveal that while LLMs demonstrate promising capabilities in generating
MI reflections, they still face challenges in producing deeper, emotionally nuanced,
and contextually adaptive dialogue responses. Chapter 3 addresses the challenge of
data scarcity in the area of psychotherapy by creating BiMISC, a bilingual MI dataset
with expert annotations following the Motivational Interviewing Skills Code (MISC)
scheme [11]. As a valuable resource for the subsequent work in this thesis on aligning
language models for psychotherapeutic dialogue generations. Expanding on this,
Chapter 4 presents an expertise-driven alignment approach (i.e., Script-Strategy
Aligned Generation, SSAG), where LLMs first predict MI strategies before generating
therapeutic dialogue responses. This structured approach improves explainability
and dialogue adherence to therapeutic principles, offering a controllable way to
integrate LLMs into psychotherapy applications. Experimental results confirm that
aligning LLMs with domain expertise can enhance both adherence and therapeutic
appropriateness, providing a foundation for future LLM-assisted counseling tools for
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health behavior intervention.

The second theme of the thesis examines trust in LLM-powered health in-
formation seeking, focusing on how search agents and dissemination interfaces
influence people’s trust perception in online personal health information. Chapter 5
investigates how trust varies between traditional search engines (i.e., Google) and
LLM-powered conversational search (i.e., ChatGPT). Results indicate that participants
trust ChatGPT’ s health information more than Google’ s due to its conversational
and personalized responses, yet longstanding trust in traditional search engines still
plays arole. The research further explores how different dissemination interfaces (i.e.,
text-based, speech-based, and embodied) affect trust perceptions in LLM-generated
information provided, revealing that participants prefer text-based interactions for
self-verifying information, while speech-based and embodied interfaces enhance
engagement but introduce additional trust-related concerns. Chapter 6 extends
this research by investigating how source attribution and transparency labeling
(Al-generated vs. human-generated) impact trust in online health information.
Using a mixed-methods study with behavioral (i.e., eye-tracking) and physiological
sensing (i.e., ECG, EDA, and body temperature), the study finds that LLM-generated
health information is generally trusted more than human-written content. How-
ever, information labeled as human-sourced is perceived as more trustworthy than
information labeled as Al-generated, regardless of actual source. These findings
underscore the nuanced relationship between transparency of source and disclosed
labeling and cognitive trust calibration in Al-powered health communication.

Taken together, this thesis advances both the development of LLM-driven
psychotherapy applications for health behavior intervention and the understanding
of trust in LLM-powered health information seeking. The research in this thesis
highlights the importance of alignment approaches for enhancing LLMs" explain-
ability and controllability in sensitive therapeutic contexts from a computational
perspective while also emphasizing the crucial role of user interface design and
transparency mechanisms in shaping trust in digital health applications through
human-centric insights. By bridging technical advancements with empirical insights
into human-AI interaction, this work lays the foundation for the explainable and
transparent deployment of LLMs in real-world health contexts.
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In dit proefschrift verkennen wij twee onderling verbonden thema’ s in
de toepassing van large language models (LLMs) in gezondheidscontexten: (1)
het afstemmen van LLMs op domeinexpertise (dw.z. door experts ontworpen
dialoogscripts en therapeutische strategieén) bij het aanbieden van digitale psy-
chotherapie voor gezondheidsinterventie, om de controleerbaarheid en verklaar-
baarheid te vergroten; en (2) het begrijpen van hoe mensen vertrouwen ervaren in
LLM-gestuurde zoekprocessen naar gezondheidsinformatie. Door een combinatie
van computationele modellering, empirische studies en theoretische analyse draagt
dit werk bij aan zowel de methodologische afstemming van LLMs op therapeutische
principes als aan de mensgerichte evaluatie en het ontwerp van LLM-gedreven
gezondheidscommunicatie.

Het eerste thema van deze thesis richt zich op het versterken van de controleer-
baarheid en verklaarbaarheid van LLM-gestuurde psychotherapeutische gezondhei-
dsinterventies door ze af te stemmen op domeinexpertise. Hoofdstuk 2 vormt een
eerste stap en onderzoekt hoe goed LLMs reflectieve uitingen kunnen genereren —
een kernvaardigheid van therapeuten binnen Motiverende Gespreksvoering (MI) —
met behulp van drie prominente LLMs (GPT-4, Llama-3 en BLOOM). Evaluaties met
zowel automatische als menselijke beoordelingen laten zien dat LLMs veelbelovende
capaciteiten tonen in het genereren van MI-reflecties, maar nog steeds moeite
hebben met het produceren van diepere, emotioneel genuanceerde en contextueel
adaptieve dialoogresponsen. Hoofdstuk 3 pakt de uitdaging van dataschaarste in
psychotherapie aan door BiMISC te creéren, een tweetalige MI-dataset met expertan-
notaties volgens het Motivational Interviewing Skills Code (MISC)-schema [11]. Deze
dataset vormt een waardevolle bron voor het vervolgonderzoek in dit proefschrift
naar het afstemmen van taalmodellen voor psychotherapeutische dialooggeneratie.
Voortbouwend hierop presenteert Hoofdstuk 4 een expertisegestuurde afstem-
mingsaanpak (dw.z. Script-Strategy Aligned Generation, SSAG), waarbij LLMs eerst
MI-strategieén voorspellen alvorens therapeutische dialoogresponsen te genereren.
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Deze gestructureerde aanpak verbetert de verklaarbaarheid en de naleving van
therapeutische principes, en biedt een gecontroleerde manier om LLMs te integr-
eren in psychotherapie. Experimentele resultaten bevestigen dat afstemming op
domeinexpertise zowel de naleving als de therapeutische geschiktheid kan ver-
groten, en zo een basis legt voor toekomstige LLM-ondersteunde counselingtools
voor gezondheidsinterventie.

Het tweede thema van dit proefschrift onderzoekt vertrouwen in LLM-gestuurde
zoekprocessen naar gezondheidsinformatie, met nadruk op hoe zoekagenten en
hun interfaces de perceptie van vertrouwen beinvloeden bij online persoonlijke
gezondheidsinformatie. Hoofdstuk 5 onderzoekt hoe vertrouwen verschilt tussen
traditionele zoekmachines (zoals Google) en LLM-gestuurde conversationele
zoekoplossingen (zoals ChatGPT). De resultaten tonen aan dat deelnemers de
gezondheidsinformatie van ChatGPT meer vertrouwen dan die van Google vanwege
de conversationele en gepersonaliseerde antwoorden, al speelt het langdurige
vertrouwen in traditionele zoekmachines nog steeds een rol. In het onderzoek wordt
verder verkend hoe verschillende interfaces (dw.z. tekstgebaseerd, spraakgebaseerd
en belichaamd in de vorm van een robot) het vertrouwen in LLM-gegenereerde
informatie beinvloeden. Hieruit blijkt dat deelnemers de voorkeur geven aan
tekstgebaseerde interacties om informatie zelfstandig te verifiéren, terwijl spraakge-
baseerde en belichaamde interfaces de betrokkenheid vergroten, maar ook extra
vertrouwensgerelateerde zorgen oproepen. Hoofdstuk 6 breidt dit onderzoek uit door
te analyseren hoe bronattributie en transparantielabeling (Al-gegenereerd versus
menselijk-gegenereerd) vertrouwen in online gezondheidsinformatie beinvloeden.
Met behulp van een mixed-methods benadering, waaronder gedragsmetingen (zoals
eye-tracking) en fysiologische sensoren (zoals ECG, EDA en lichaamstemperatuur),
laat de studie zien dat LLM-gegenereerde gezondheidsinformatie over het algemeen
meer wordt vertrouwd dan door mensen geschreven inhoud. Toch wordt informatie
die als menselijk afkomstig wordt gelabeld betrouwbaarder gevonden dan informatie
die als Al-gegenereerd is gelabeld, ongeacht de werkelijke bron. Deze bevindingen
benadrukken de genuanceerde relatie tussen transparantie, bronvermelding en
cognitieve kalibratie van vertrouwen in Al-gestuurde gezondheidscommunicatie.

Samengevat draagt dit proefschrift bij aan zowel de ontwikkeling van LLM-
gedreven psychotherapieapplicaties voor gezondheidsinterventies als aan het
begrip van vertrouwen in LLM-gestuurde gezondheidsinformatievoorziening. Het
onderzoek in dit proefschrift benadrukt het belang van afstemmingsmethoden om
de verklaarbaarheid en controleerbaarheid van LLMs in gevoelige therapeutische
contexten te versterken vanuit een computationeel perspectief, en legt tevens de
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nadruk op de cruciale rol van interfaceontwerp en transparantiemechanismen in het
vormen van vertrouwen in digitale gezondheidsapplicaties vanuit een mensgericht
perspectief. Door technische vooruitgang te verbinden met empirische inzichten
in mens-Al-interactie, legt dit werk de basis voor een verklaarbare en transparante
inzet van LLMs in realistische gezondheidscontexten.
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ing, and improving style, readability, and conciseness of sentences and paragraphs.

For this purpose, I made use of ChatGPT (model GPT-4o0, publicly available web
version, not the API). I remain fully responsible for the intellectual content of this the-
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FMG guidelines Integrity and transparency of use Generative Al in research’ from the
Faculty of Social and Behavioural Sciences at the University of Amsterdam.

By submitting this thesis for assessment, I thus confirm that the thesis is my own
intellectual property, and that the ideas as well as text from other sources have been
properly cited. All quotes and sourced information are identifiable as such. With this
statement, I have disclosed all Al technology and its use in that supported the writing
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