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ABSTRACT
Large Language Models (LLMs) deployed through Conversational User Interfaces (CUIs) are 
transforming health information-seeking by offering immediate, interactive experiences 
compared to traditional search engines like Google. However, how trust is influenced by both 
the types of search agents and the interface used to disseminate the information remains 
underexplored. This research integrates two mixed-methods studies (lab sessions and 
interviews) to comprehensively explore trust perceptions in health information across different 
search agents and dissemination interfaces. In Study 1 (N = 21), we investigated trust in health 
information sourced from ChatGPT and Google across three types of health-related search tasks. 
Results showed significantly higher trust in health information from ChatGPT, highlighting the 
promise of LLM-powered conversational search. Building on this, Study 2 (N = 20) extended the 
investigation to explore how the dissemination interface influences trust in LLM-sourced health 
information by comparing three interfaces: text-based, speech-based, and embodied, all 
sourcing from the same LLM. Findings revealed significant trust variations across the 
dissemination interfaces. 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 modality. Our findings highlight the 
potential of LLM-powered conversational search to transform health information-seeking, 
underscoring 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 to enhance the health information-seeking experience.

ARTICLE HISTORY
Received 15 July 2025 
Accepted 10 August 2026  

KEYWORDS
Conversational search; user 
interface; large language 
model; healthcare; human 
trust perception

1. Introduction

The reliance on online sources for health-related infor
mation has grown significantly due to their convenience 
and rapid access. Historically, search engines like Goo
gle have been the main tools for individuals seeking 
health information on diseases, treatments, and general 
wellness advice such as diet and exercise (Cline and 
Haynes 2001; Kibirige and Ghemri 2014; MAYO 
CLINIC 2023; Sillence et al. 2007). However, the emer
gence of generative AI has introduced Large Language 
Model (LLM)-powered conversational agents like 
ChatGPT as increasingly popular alternatives (Venkit 
et al. 2024). Unlike traditional search engines that pre
sent a list of links to external sources, these LLM-pow
ered agents engage users in interactive dialogues, 

transforming information-seeking from information 
retrieval to information generation, a more personalised 
and conversational experience (Brown et al. 2020). This 
evolution is particularly significant in health infor
mation contexts, where the ease of access, accuracy, 
presentation and trustworthiness of information 
directly affect health decisions and outcomes (Biswas 
2023; Kumar Garg et al. 2023; P. Lee, Bubeck, and 
Petro 2023; Lin et al. 2023). 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 the factors shaping trust are now 
more dynamic, complex, and overall multifaceted 
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(Chin 2002; Sillence et al. 2004; Vega, Montague, and 
DeHart 2010). These advancements in search technol
ogies highlight the need for renewed perspectives on 
how these search agents reshape people’s trust in seek
ing health information online.

While trust in traditional search engines is well- 
explored, the factors influencing trust in LLM-powered 
conversational search remain underexplored. With the 
rise of LLMs, conversational search can be conducted 
through various conversational user interfaces (UIs) ran
ging from text-based chatbots to voice assistants and 
embodied avatars (Gupta et al. 2022; Laranjo et al. 
2018). These CUIs act as essential links between users 
and health resources (Laranjo et al. 2018), navigating 
dynamic and synthesised conversations where the 
boundary between the search agent and the source is 
often blurred (Sillence et al. 2004; Vega, Montague, and 
DeHart 2010), and likewise shape user trust (Gupta 
et al. 2022; Zieglmeier and Lehene 2022). Drawing on 
the MAIN model of trust in technology (Sundar 2007), 
users’ processing and trust of information can vary 
depending on the interaction style and information 
modality, such as text, speech, or embodied interactions 
(Rheu et al. 2020; Sun, Liu, et al. 2024). Key factors 
influencing trust in AI-driven health interactions include 
the source of information, presentation style, and the 
design of user interfaces 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 the information provided. How
ever, embodied interfaces, which simulate advanced 
human-like traits, add complexity by enhancing engage
ment while potentially raising concerns about authen
ticity, privacy, and the ‘uncanny valley’ effect (Evers, 
Salles, and Farisco 2020; Placani 2024; Valley 2024).

Trust is essential in adopting online health advice, 
influencing how users evaluate information and decide 
whether to act on it Sillence et al. (2007). Despite grow
ing interest in LLMs for health information seeking, 
challenges remain unresolved. Specifically, it is unclear 
how users interactively allocate trust between the health 
information itself, the search agent providing it, and the 
LLM-powered conversational user interface through 
which it is disseminated and presented, and whether 
these trust mechanisms differ between traditional web- 
based search engines and LLM-powered conversational 
search systems. Addressing these gaps is critical for 
understanding how emerging LLM technologies influ
ence trust in online health information seeking.

Given the foregoing, this work focuses on two per
spectives: search agents and dissemination interfaces, 
and seeks to address the following three research 
questions: 

. (RQ1) Do people’s perceived trust in health-related 
information differ across (a) search agents (i.e. tra
ditional search engine Google vs. LLM-powered con
versational agent ChatGPT)? (b) dissemination 
interfaces (i.e. text-based, speech-based, or 
embodied)?

. (RQ2) Does trust in retrieved online health infor
mation correlate with the inherent trust in specific 
(a) search agents and (b) dissemination interfaces?

. (RQ3) Which factors contribute to trust in health 
information across different: (a) search agents and 
(b) dissemination interfaces?

To address these research questions, we adopted a 
mixed-method approach, conducting two complemen
tary studies aimed at understanding trust in health 
information from the perspectives of search agents and 
dissemination interfaces. In Study 1, we conducted a 
within-subject lab study (N = 21) in which participants 
completed health-related information search tasks 
using two search agents: Google and ChatGPT. Fol
low-up interviews were conducted to explore the factors 
influencing participants’ trust perceptions. Building on 
the insights from Study 1 regarding the potential of 
LLM-powered conversational search, Study 2 narrowed 
the focus to isolate the impact of dissemination inter
faces. Follow-up interviews were also conducted to 
further explore participants’ motivations behind their 
trust perceptions.

Our investigation reveals a complex trust landscape 
shaped by the interplay of agent capabilities and inter
face modalities. First, we observed a distinct preference 
for conversational search, where the conversational 
fluency and personalisation of LLMs significantly 
enhanced trust compared to Google’s traditional list- 
based presentation. However, this preference did not 
extend to multi-modal CUIs. Regarding dissemination, 
participants favoured simple text-based CUIs over 
speech or embodied ones, citing familiarity level and 
ease of use as primary drivers. Second, we identified a 
critical ‘modality-context mismatch’. While human- 
like textual responses (in Study 1) fostered trust, the 
explicit anthropomorphism of speech and embodied 
CUIs (in Study 2), enhanced engagement but triggered 
privacy concerns and skepticism of authenticity, which 
negatively influenced the trust. This suggests that in 
high-sensitive health contexts, advancing human-like 
features does not linearly enhance trust, highlighting 
the need to balance conversational engagement with 
perceived safety and usability.

Our work makes several theoretical and practical 
contributions. First, to our knowledge, this work is the 
first to empirically compare health information seeking 
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between a traditional ‘retrieval’ mode (web search 
engine) and an emerging ‘generative’ mode (LLM-pow
ered agent), considering both source agents and disse
mination interfaces. This helps better understand the 
role of design, such as usability, familiarity, and inter
action style, in shaping trust in retrieved and dissemi
nated health information. Second, this study extends 
beyond the text-dominant focus of prior work by exam
ining multiple dissemination modalities of LLM-pow
ered conversational user interface. We examined 
existing theoretical models (such as the MAIN model 
Sundar 2007) in high-stakes health contexts, demon
strating how the interaction and modality influence 
trust. Lastly, we offer practical design implications for 
developing trustworthy eHealth tools that balance 
engagement with the need for reliability and transpar
ency. This lays the foundation for future research to 
refine trust-building strategies in LLM-powered digital 
health tools, ensuring that such tools are reliable, 
user-centred, and capable of effectively addressing 
diverse user needs in the evolving landscape of genera
tive AI.

2. Related work

2.1. Theoretical foundations of trust

Trust is a multidimensional psychological construct 
central to both interpersonal dynamics and human– 
technology interactions. Classical trust theories concep
tualise trust as a willingness to accept vulnerability 
based on positive expectations of another’s conduct. 
Mayer, Davis, and Schoorman’s foundational ABI 
model (Mayer, Davis, and Schoorman 1995) posits 
that this willingness is driven by three key dimensions: 
ability (the perceived competence of the trustee), bene
volence (the belief that the trustee acts in the trustor’s 
best interest), and integrity (the adherence to acceptable 
principles). In the digital age, J. D. Lee and See (2004) 
extend these dimensions to automation, defining trust 
as the attitude that an agent will help achieve the 
user’s goals despite uncertainty and complexity. This 
perspective is further nuanced by McKnight et al. 
(2011), who distinguish between trusting beliefs regard
ing a technology’s attributes and the subsequent trusting 
intention to depend on that system, such as perceived 
usability, credibility, and risk.

Understanding and measuring people’s trust in 
online information is a tricky task since human percep
tion of trust is complicated to define and measure. 
Human intrinsic trust is not one-dimensional but is 
influenced by many factors. Past research (Ben-Ner 

and Halldórsson 2010; Gao and Houben 2010; J. Liu, 
Zhang, and Kim 2023; Sillence et al. 2005, 2007) has 
investigated how people come to trust in mind, provid
ing valuable insights into the way trust is built in online 
information. A critical theoretical distinction for this 
work lies between trust and credibility. Credibility pri
marily concerns the believability of information itself, 
encompassing factors such as accuracy, expertise, and 
reliability, whereas trust involves the reliance on the 
agent and the acceptance of vulnerability and risk 
(Abrar et al. 2023; Wathen and Burkell 2002). Thus, 
credibility functions as a precursor to trust in infor
mation (information-level), while trust in the agent 
reflects judgments about the provider or system behind 
the information (agent-level). Research by Johnson, 
Rowley, and Sbaffi (2015) identifies that in online health 
contexts, this formation is driven by the credibility of 
the source, the reliability and relevance of the content, 
and the design and usability of the system delivering 
the information. These factors align with the Technol
ogy Acceptance Model (TAM) (Venkatesh and Bala 
2008), where perceived usefulness and usability directly 
influence user attitudes and acceptance of technology 
and systems. Further work from Billanes and Enevold
sen (2021) validates that trust in technology can influ
ence users’ perceived usability, thereby shaping user 
attitudes and acceptance of technology and systems.

To unify these strands under a coherent theoretical 
lens, we draw on the MATCH framework (Liao and Sun
dar 2022), a contemporary model of trust in human–AI 
communication. MATCH synthesises three complemen
tary dimensions of trust: Model Attributes, which refer to 
the system’s actual competence and reliability (e.g. the 
quality of retrieved health information); Afforded Cues, 
such as interface design and transparency signals that 
shape user impressions; and Trust Heuristics, the mental 
shortcuts users apply under uncertainty, such as relying 
on brand reputation or the fluency of a response. To 
specifically address the interaction modalities of our 
study, we complement the MATCH framework with 
the MAIN model (i.e. Modality, Agency, Interactivity, 
Navigability) (Sundar 2007). MAIN specifically explains 
how specific interface cues, interface modality, alter 
trust perceptions, particularly in comparing text-based 
and multi-modal interfaces.

Overall, these trust frameworks (MATCH and MAIN 
models) provide a robust conceptual backbone for 
understanding how information quality, system attri
butes, and user interface cues collectively influence 
trust formation in search and conversational systems. 
These theoretical foundations clarify the conceptual 
focus of our work: how users form trust in the 
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information they receive, the agents that provide it, and 
the interfaces through which it is delivered.

2.2. Trust in information and search agents for 
health information seeking

Online health information searching has become a main 
way for people to get health advice due to its conven
ience (Cline and Haynes 2001; De Choudhury, Morris, 
and White 2014; Y.-M. Kim 2015). Reflecting the theor
etical concepts of trust established in Sec 2.1, trust in 
health information seeking context operates on two dis
tinct levels. Information-level trust pertains to the user’s 
judgment of the content’s intrinsic quality, mapping to 
the concept of credibility (accuracy, relevance), while 
Agent-level trust concerns the user’s willingness to 
depend on the intermediary system itself. This latter 
form of trust is heavily influenced by the agent’s per
ceived ability and benevolence (as defined in the ABI 
model (Mayer, Davis, and Schoorman 1995)) to retrieve 
or synthesise the information.

For decades, web-based search engines like Google 
have served as the dominant agents for health advice 
(Cline and Haynes 2001; Corritore et al. 2012; Kibirige 
and Ghemri 2014). Search engines, with their powerful 
‘retrieval’ capabilities, can offer users a wide range of 
health information. In this paradigm, the agent functions 
primarily as a gatekeeper using specific afforded cues (Liao 
and Sundar 2022), such as ranked lists and source snip
pets, to signal relevance. Users typically rely on trust heur
istics related to the search engine’s ranking algorithms to 
surface reputable sources like medical institutions and 
websites (e.g. NIH, Mayo Clinic) (MAYO CLINIC 2023; 
National Institutes of Health 2023), while filtering out 
low-quality commercial content. Thus, trust in health 
information obtained through web-based search is shaped 
by multiple factors. Many prior works emphasise the role 
of source credibility, showing that information from well- 
known medical institutions, or peer-reviewed journals is 
generally perceived as more trustworthy (Bates et al. 
2006; Dutta-Bergman 2003; Fogg et al. 2001; Hesse et al. 
2005; J. Liu, Zhang, and Kim 2023; Lucassen and Schraa
gen 2010; Sillence et al. 2004; Singal and Kohli 2016; Vega, 
Montague, and DeHart 2010; Y. Zhang et al. 2022), 
whereas user-generated or commercially motivated con
tent is often met with skepticism (Abrar et al. 2023; De 
Choudhury, Morris, and White 2014; Fogg et al. 2001, 
2003; Viviani and Pasi 2017). However, concerns about 
the potential for search engine manipulation have arisen 
(Ecker, Cook, and Lewandowsky 2015; Haque, Khan, 
and Abdullah Al Fahim 2023; Seckler et al. 2015). As 
results, trust in web-based health information seeking is 
often distributed between information and its provider. 

While search engines primarily provide links for naviga
tion and ranking, trust perceptions are delegated to exter
nal websites that host information (Bates et al. 2006; 
Lucassen and Schraagen 2010). This separation allows 
users to mitigate the potential risk of search engines by 
independently evaluating the credibility of source web
sites, particularly when they navigate beyond the search 
results page.

Recently, advanced LLMs have entered the health 
domain, with these agents such as ChatGPT demon
strating increasing capability in responding to health- 
related queries (Biswas 2023; Dalton et al. 2022; 
Kumar Garg et al. 2023; P. Lee, Bubeck, and Petro 
2023; Venkit et al. 2024). These LLM-based agents fun
damentally alter trust formation by shifting the inter
action from retrieval to generation (Xu, Feng, and 
Chen 2023a). According to MATCH framework (Liao 
and Sundar 2022), this shift changes the model attributes 
users must evaluate. Unlike web search, conversational 
agents synthesise answers directly, often obscuring the 
original source. This forces users to rely heavily on the 
agent’s internal competence (ability) and benevolence 
(Mayer, Davis, and Schoorman 1995), as the opportu
nity for external verification is reduced. While studies 
indicate that LLMs can exhibit high performance in 
medical queries (Hristidis et al. 2023; Zhu, Mou, and 
Chen 2023), the conversational modality introduces 
new risks. The fluency heuristic, where users conflate 
grammatical smoothness with factual accuracy–may 
lead to overtrust, masking hallucinations or biases and 
lack of verifiable sourcing and transparency (Kumar 
Garg et al. 2023; Vaish, Vaishya, and Misra 2023). 
Thus, the transparency mechanisms that support trust 
in Google are replaced by social cues and ”personality” 
in LLMs (Følstad, Nordheim, and Bjørkli 2018; Jang and 
Lukasiewicz 2023), creating a pressing need to investi
gate how these differing afforded cues influence lay 
users’ trust allocation in high-stakes health contexts.

Taken together, prior work indicates that trust in 
health information seeking involves both trust in infor
mation content and trust in the search agent, and these 
trust judgments may operate differently for traditional 
web-based and LLM-based search agents. Because they 
differ fundamentally in how they retrieve, generate, 
and present health information, it remains unclear 
whether trust established for web-based search extends 
to LLM-powered conversational search. This distinction 
directly informs our research questions, which investi
gate how users allocate trust between information and 
agent, and whether these trust allocations differ when 
interacting with a web-based search agent (Google) ver
sus an LLM-based conversational agent (ChatGPT) in 
health information seeking tasks.
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2.3. Trust in LLM-powered conversational search 
and user interfaces for health information 
seeking

Unlike the extensive literature on trust in web-based 
search, trust in LLM-powered conversational search 
remains underexplored. Prior work on conversational 
agents suggests that trust can be shaped by factors 
such as communication style, perceived medical exper
tise (Xu, Feng, and Chen 2023a), agent ‘personality’ 
(Følstad, Nordheim, and Bjørkli 2018), consistency of 
their responses (Jang and Lukasiewicz 2023) and trans
parency of their generation processes (Wortham and 
Theodorou 2017). Besides, concerns are raised regard
ing hallucinations and biased content, particularly in 
high-stakes health contexts (Kumar Garg et al. 2023; 
Vaish, Vaishya, and Misra 2023).

Crucially, conversational search enabled by LLMs is 
almost always experienced through conversational 
user interface (CUIs). It is therefore important to dis
tinguish conversational search as an information-seek
ing paradigm from CUIs. Modern LLM-powered 
systems operate across both dimensions: they generate 
health information while simultaneously shaping how 
that information is perceived through interface cues 
such as presentation of the synthesised responses and 
information modality (Desai et al. 2024). As a result, 
trust in LLM-powered conversational search is shaped 
not only by evaluations of the information itself, but 
also by users’ perceptions of the conversational UIs 
that disseminate and present it. While LLMs can be con
ceptualised as search agents alongside traditional web- 
based systems, we focus specifically in this section on 
how trust in LLM-powered health information seeking 
is further shaped by CUIs during conversational search 
interaction, rather than by agent-level attributes alone.

Prior research shows that trust in CUIs for health 
information seeking is influenced by multiple inter
face-level cues. Interface design, including information 
presentation and accessibility, and usability (Fruhling 
and Lee 2006) play critical roles in fostering trust. Per
suasive design principles such as social presence and 
perceived expertise can also enhance trust (Torning 
and Oinas-Kukkonen 2009). Luger and Sellen (2016) 
emphasise the importance of CUIs exhibiting intelligent 
behaviour and contextual understanding to build user 
trust. Personalising interactions to individual prefer
ences can increase trust by enhancing perceived system 
intelligence. Consistency with users’ expectations (Guo 
2022; Luger and Sellen 2016) and prior experiences 
(Luger and Sellen 2016) also reinforces trust, as does 
the credibility of information sources (Bates et al. 
2006; Sillence et al. 2004; Vega, Montague, and DeHart 

2010; Y. Zhang et al. 2022). Recently, multi-modal CUIs 
that utilise text, voice, and visual cues to deliver infor
mation present unique challenges for trust formation 
in LLM-powered conversational search. Drawing on 
the MAIN model (Sundar 2007), information modality, 
such as multimodal displays, can serve as ‘heuristic cues’ 
that shape users’ trust perceptions (Sundar 2007). While 
these multi-modal interactions can enhance user 
engagement and understanding (L. Zhang et al. 2024), 
maintaining consistent reliability across modalities is 
crucial. Moreover, characteristics of voice and visual 
representation can also influence trust (Gaiser and Utz 
2023; Lam, Lee, and Sui 2019; Lupetti et al. 2023; 
Syed, Baart, and Vroomen 2024). Therefore, providing 
consistent and reliable information and interaction 
across modalities is essential to sustain trust. Applied 
to LLM-powered conversational search, this perspective 
suggests that trust judgments may differ depending on 
how health information is generated by LLM-based 
search agents and how it is disseminated and presented 
through CUIs.

Despite rapid advancements, existing research on 
LLMs in health contexts has focussed primarily on eval
uating information quality, with limited attention to 
how users form trust during conversational interaction. 
In particular, little is known about how different CUIs 
influence trust in LLM-generated health information 
and how interface-level cues interact with the trust of 
information. Addressing this gap motivates our research 
questions and empirical investigation on trust for
mation in LLM-powered conversational search across 
different multi-modal conversational user interfaces.

3. Study 1: comparison of search agents for 
health information seeking

We conducted a mixed-methods study involving a lab
oratory-based study followed by semi-structured inter
views. In the lab study, we employed a within-subjects 
design to examine how participants interacted with out
puts of two different search agents: the search engine 
Google and the LLM-powered agent ChatGPT (i.e. 
GPT-4o).

3.1. Study methods

3.1.1. Participants
A power analysis using G*Power (Faul et al. 2007) indi
cated that a minimum of 20 participants were needed to 
detect a medium effect size of 0.25 with an alpha level of 
.05 and 80% power. Accordingly, we recruited 21 par
ticipants (N = 21) through the institute’s recruitment 
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system. Participation was voluntary and informed con
sent was obtained before the lab sessions. Each partici
pant received a monetary compensation for their time 
according to the institute’s guidelines. Participants 
were required to be proficient in English and experi
enced with online information searching. The study 
received approval from the ethics and data protection 
committee of the institute (ID: FMG-2336).

The characteristics of participants are summarised in 
Table 1. Most participants (71.4%) were between 18 and 
24 years old. Regarding education, 47.0% have under
graduate degrees, 47.6% had a postgraduate qualifica
tions, and 4.7% held doctorate degrees. Participants 
represented various professional fields: 47.6% from 
social sciences, 19.0% from business and commerce, 
14.3% from computer and information technology, 
and 19.1% from other sectors. In terms of online health 
information seeking, 42.8% reported frequent use of 
online sources, 52.3% occasionally, and 4.7% stated 
they rarely or never relied on online resources.

3.1.2. Search tasks
In this study, search tasks are health-related questions 
that we ask participants to find answers to during the 
lab session. Each participant completed six search 
tasks, selected from an open-sourced dataset (Yadav, 
Gupta, and Demner-Fushman 2022), which aggregates 

personal health questions from Yahoo (2023) labelled 
by types. We pre-selected 25 questions from each of 
the three types to ensure diversity and comprehensive
ness. The complete list of questions used in the study 
is included as Supporting Material. Three types of health 
questions are described as follows:

General health questions. This group of questions 
aims to gather general knowledge or facts about a 
specific health topic. Examples include: ‘Do you have 
information about Weight Control?’; ‘Do you have infor
mation about Vitamin D?’

Symptom and cause-related health questions. This group 
of questions revolves around understanding symptoms or 
causes associated with particular health conditions. The 
example questions are: ‘What are the symptoms of the eat
ing 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?’

We define ‘health information’ differently across the 
search agents given the distinct mechanisms: for search 
engine Google, information encompasses both the 
results page snippets and the content of external web
sites; for LLM-based search agent ChatGPT, it refers 
exclusively to the direct, synthesised textual responses 
generated by the LLM.

3.1.3. Search agents
We used two search agents for health information in 
this study as shown in Figure 2: Google and ChatGPT. 
The study was conducted in the institute lab in a quiet 
room with desktop computers running the Windows 
operating system. Participants accessed both search 
agents via Chrome browser (version 117.0.5938.92) by 
visiting their official websites. For interactions with 
ChatGPT, participants used the GPT-4 model (without 
web browsing capability). This setup ensured all partici
pants had a consistent experience while using up-to- 
date technology for each search agent.

3.1.4. Measures
Upon providing consent, we collected demographic 
information and their usage experience with different 
search agents. During the study, we measured partici
pants’ trust in health-related information obtained 
from two search agents. Below, we detail the specific 
measures used.

Propensity of trust in technology To gauge partici
pants’ inherent trust in technology, we employed the 
questionnaire (Jessup et al. 2019) that assessed general 
tendency to trust technology. This scale consists of six 

Table 1. Characteristics of participants in Study 1.

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%)
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items rated on a 5-point Likert scale (1=Strongly Dis
agree to 5 = Strongly Agree). An example item was: ‘I 
think it’s a good idea to rely on technology for help.’

Human perceived trust in health-related information. 
After each search task, participants rated their trust in 
the retrieved health information. We used the validated 
’Trust of Online Health Information’ questionnaire 
(Johnson, Rowley, and Sbaffi 2015; Rowley, Johnson, 
and Sbaffi 2015) to assess the credibility, reliability, 
and believability of information. This survey included 
eleven items rated on a 5-point Likert scale 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. Partici
pants 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’ questionnaire (Corritore 
et al. 2012), consisting of 15 items on a 5-point Likert 
scale (Cronbach’s alpha = .62) was used to assess trust 
in agents. An example item was: ‘The search agent (e.g. 
Google) provides truthful information.’

We assessed participants’ prospective behavioural 
intention to use a specific search agent employing a single 
item adapted from the Technology Acceptance Model 
(TAM) (Venkatesh and Bala 2008): ‘I would intend to 
use Google (or ChatGPT) for health information seeking 
in future.’ This metric was included to evaluate whether 
the trust formed during the session translates into poten
tial real-world adoption, consistent with prior findings 
establishing trust as a key predictor of technology accep
tance (cf., Billanes and Enevoldsen 2021).

3.1.5. Study procedure
The procedure of Study 1 is illustrated in Figure 1 (a). 
Following informed consent, we employed a within- 

subjects design where participants completed three 
search tasks using Google and three using ChatGPT, 
with the order of agents and tasks counterbalanced to 
mitigate order effects. For each task, participants were 
asked to enter a query, review the results, with the 
specific requirement of clicking at least one result 
when using Google. Participants were free to reformu
late their query and to interact freely with the assigned 
search agent until they found a satisfying answer. Par
ticipants rated their trust in information after each 
task and their overall trust in the search agent after com
pleting each condition block.

The lab session concluded with a 25-minute semi- 
structured interview exploring participants’ interaction 
strategies and comparative reasoning of their trust ratings 
regarding the two search agents. The interviews followed a 
progression from general daily health search habits to 
specific experiences and validation strategies with each 
search agent. The interview session concluded with a com
parative discussion of two search agents and consider
ations for potential improvements. The full interview 
protocol is provided as the Supporting Material.

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

For quantitative analysis, we first verified statistical 
assumptions using Shapiro-Wilk (normality) (SHA
PIRO and WILK 1965) and Bartlett’s (homogeneity) 
(Arsham and Lovric 2011) tests. We then examined 
trust differences using two-way repeated-measures 
ANOVA (Girden 1992) and paired samples t-tests 
(Ross and Willson 2017), complemented by correlation 
analyses to explore variable relationships.

Figure 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.
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We conducted a thematic analysis (Braun and Clarke 
2012) of the qualitative interview data. Initially, the first 
three authors transcribed the interviews to familiarise 
themselves with the data. Subsequently, three coders 
open-coded the same transcript independently to 
develop an initial codebook that guided further coding. 
When discrepancies arose, we resolved them through 
discussion, in line with qualitative approaches that con
sider multiple perspectives as analytically valuable for 
refining codes and exploring alternative meanings (Bar
bour 2001). This process ensured shared agreement on 
how codes were phrased, the level of abstraction 
applied, and the analytic focus guiding the coding 
decisions. Then three coders divided and independently 
coded the remaining interviews. Codes were iteratively 
refined and expanded as new insights emerged. We 
did not calculate inter-rater reliability (IRR) because 
our analytic goal was to interpret the data collabora
tively and to develop a shared understanding of the 
material rather than quantify agreement through 
numerical metrics (McDonald, Schoenebeck, and 
Forte 2019). Instead, we supported credibility and con
sistency through iterative team based coding, regular 
reconciliation meetings, and cross checks of coded sub
sets (Mays and Pope 2000). Together, they discussed 
themes relevant to our research questions, identifying 
patterns that emerged across the interviews.

3.2. Quantitative findings: lab sessions

3.2.1. Descriptive statistics
We measured participants’ general trust in technology, 
their trust in health information provided by two search 
agents, and their trust in the agents themselves. The 
descriptive results are presented in Table 2. The average 
propensity of trust in technology among participants 
was moderately high (M = 3.62, SD = .76 on a 5-point 
scale), indicating a general positive trust towards technol
ogy. Trust in health information varied between search 
agents; participants generally trusted information from 
ChatGPT more than from Google, with mean scores of 
4.05 (SD = 0.47) for ChatGPT and 3.77 (SD = 0.64) for 
Google. Trust in the search agents also reflected a prefer
ence for ChatGPT over Google, with mean scores of 3.58 
(SD=.98) for ChatGPT and 3.31 (SD = .99) for Google.

Figure 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?’.

Table 2. Descriptive statistics of variables in Study 1.
Google Mean (SD) ChatGPT Mean (SD)

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)

Notes: Search task 1 is General health questions, search task 2 is Treatment- 
related questions, and search task 3 is Symptoms and Diagnosis-related 
questions.
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3.2.2. Human trust in health-related information 
differs by search agents
To address RQ1a, which asks whether perceived trust 
differs between traditional and LLM-powered 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.

As illustrated in Figure 3, the analysis revealed a sig
nificant main effect of the search agent on trust in 
health-related information, F(1, 20) = 6.73, p = .017, 
and h2 = .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 significant changes across different types of 
search tasks, F(2, 40) = 0.63, p = .480, with 
h2 = .006. This indicates that the type of health ques
tion did not significantly influence trust in the retrieved 
information. The interaction between search agents and 
task types was not significant, F(2, 40) = 0.20, p = .777, 
and h2 = .002. This indicates 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 are 
statistically significant with the difference in means as 
0.27, t(21) = − 2.53, p = .02, Cohen’s d = 0.55 (see in 
Figure 3).

3.2.3. Correlation of trust across search agents
To investigate RQ2a regarding the relationship between 
inherent trust in search agent and trust in information, 
we conducted Pearson correlation analyses (detailed in 
Figure 4).

We found a significant positive correlation between 
trust in information and trust in the search agent for 

Google (r(21) = 0.63, p = .003). However, this relation
ship was not significant for ChatGPT 
(r(21) = 0.09, p = .21). Regarding the propensity of 
trust in technology, we observed significant positive cor
relations with both trust in information from ChatGPT 
(r(21) = 0.49, p = .02) and the intention to use 
ChatGPT (r(21) = 0.48, p = .026), but it does not 
extend to trust in ChatGPT as a search agent 
(r(21) = − 0.07, p = .16). Conversely, this general tech
nology trust showed no significant correlations with 
Google, either as a source of information 
(r(21) = 0.29, p = .20) or as a search agent 
(r(21) = − 0.06, p = .73). The correlation analysis not 
only strengthens our understanding of how different 
facets of trust are interconnected, but also lays the 
groundwork for more complex analyses and interpret
ations in our qualitative findings.

3.3. Qualitative findings: semi-structured 
interviews

To identify the specific factors that contribute to per
ceived trust across both search agents (RQ3a), we 
report on themes generated from interview data to 
understand the formation of trust. The findings are 
organised into two parts: How do people search for 
health-related information provides a contextual over
view of how individuals utilise 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.

3.3.1. How do people search for health-related 
information?
3.3.1.1. Searching online is a pre-step to deal with 
health-related problems. Although our participants 
regularly search online for various health-related 

Figure 3. Left: Mean of trust in health information and in the search agent for the two search agents. Right: Mean of trust in health 
information between two search agents across three search tasks. (*p < .05).
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topics, none face significant health concerns. The 
major topics for online searching includediet 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 participants consider health-related infor
mation serious, they approach information searching 
cautiously, withholding a degree of trust because 
‘Everything I see on the Internet isn’t necessarily true’ 
(P4). Participants typically don’t expect to find a per
fect solution when searching online. Instead, they 
aim to refresh their existing knowledge, learn general 
information about the topic, or gain direction for the 
next step. After searching, participants selectively 
adopt online advice depending on the importance 
and urgency of health matters, as well as the practical
ity and risks of the advice.

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

3.3.1.2. 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 
recognise the credibility and practicality of specific 
resources based on their experience. For instance, 
many participants trust official web domains like the 
NHS website and Google Scholar (P1-2, P4-12, P14- 
21). Some participants naturally trust big brands like 
Google (P7). Others consider social media reliable 

because influencers’ demonstrations help them match 
symptoms more practically (P11, P17, P19). Addition
ally, people do not rely on a single resource but a combi
nation of multiple sources. ‘Double-check if another 
source says the same, make a comparison’ (P9) helps par
ticipants validate the information. To incorporate 
ChatGPT into the landscape of information sources, par
ticipants suggest a scenario where ChatGPT is used as a 
preliminary step before conducting searches on Google:

But also if I didn’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

3.3.2. What factors influence trust in information?
3.3.2.1. 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 DOI number and double-check it, you’ll find 
they’re totally wrong. […] So that’s one of the impor
tant reasons I don’t fully trust ChatGPT. - P8

Figure 4. Pearson correlation with key variables (**p < .01, *p < .05).
Note: ‘‘PPT’ means participants’ propensity of trust in technology; ‘Trust-Info-’ represents perceived trust level in health information obtained; ‘Trust-’ means 
trust level in the search agent.
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Compared to Google, ChatGPT is a new tool with which 
most participants have limited 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 commer
cial information (P1-2, P4, P10-11, P13, P16, P18-19, 
P21) and ‘filter bubbles’ (P7) that isolate information 
to personalise searches (Wikipedia 2023a).

3.3.2.2. Information presentation influences people’s 
trust. Our participants believe that presenting infor
mation in a professional yet understandable form is cru
cial for trust. This includes language expression, 
information structure, and visual cues. First, is the 
language expression. Our participants feel the medical 
field is highly specialised and health information often 
contains terminology. They think that professional 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 convey objectivity, leading to greater trust (P17). 
Furthermore, the confidence with which ChatGPT deli
vers 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 a role in shaping trust. A well-structured 
response guides participants to understand the result, 
and a logical flow enhances the reliability of the infor
mation (P11). In the context of Google, visual cues, 
such as being ‘very colorful’ (P14) or having ‘unprofes
sional logos on the websites’ (P4), can lead to lower trust 
regardless of the content of the information.

3.3.2.3. Autonomy influences trust. In most cases, con
trol of the search process increases people’s certainty 
and trust in the answer. Google provides more control, 
giving participants autonomy in each step. Access to 
rich information enhances trust because ‘with Google 
you have more the feeling that you have your own jud
ge’(P13). However, this method is not always preferred, 
especially when lacking knowledge for evaluating the 
information.

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

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

3.3.2.4. Human-like interaction influences trust. The 
major difference between searching with Google and 
ChatGPT lies in the interaction. The way participants 
interact with agents influences their trust, and prefer
ences for these interactions vary depending on the situ
ation. Many participants compare interacting with 
ChatGPT to talking with a human. The human-like dia
logue with ChatGPT allows participants to follow up on 
specific details and receive personalised responses. This 
context-aware process enhances trust, particularly in 
personal situations, such as when participants are 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 understands what you’re talking about. - P2

3.3.2.5. Personalisation influences trust. When discuss
ing improvements to AI tools that could increase trust, 
participants frequently mention personalisation. Health 
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 information. - P14

4. Study 2: comparison of dissemination 
interfaces for health information seeking

Study 1 revealed that participants placed higher trust in 
the conversational search of ChatGPT over traditional 
search by Google, with participants citing the conversa
tional and ‘human-like’ nature of the interaction as a 
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key factor. However, as this finding was limited to a text- 
based interaction, it remains unclear whether this trust 
stems solely from the LLM’s content generation or if 
enhancing the ‘human-like’ experience through voice or 
embodiment would further amplify (or hinder) the 
trust. Drawing on the MAIN model’s insights on infor
mation modality heuristics, Study 2 moves beyond the 
comparison with Google to focus exclusively on LLM- 
powered conversational search. By holding the infor
mation source constant (using the same LLM backend), 
we isolate the impact of dissemination interfaces (i.e. 
text-based, speech-based, and embodied) to understand 
how CUIs modalities modulate trust in generative health 
information.

4.1. Study methods

4.1.1. Participants
A power analysis using GPower (Faul et al. 2007) deter
mined 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 institute 
(ID: FMG-8695).

The demographic information of the participants is 
listed in Table 3. Participants 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 educational 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.

4.1.2. Dissemination interfaces
As shown in Figure 5, Study 2 utilised three distinct 
LLM-powered conversational user interfaces: a text- 
based, a speech-based, and an embodied interface. All 
three interfaces were powered by the same GPT-4o 
model (OpenAI 2023) to ensure generation consistency.

4.1.2.1. Text-Based Interface. We developed a web- 
based chat interface to facilitate straightforward, text- 

only interactions. This served as the baseline for asses
sing trust in information from LLM-powered conversa
tional search.

4.1.2.2. Speech-Based Interface. Verbal interactions 
were enabled through an Amazon Echo Dot. To mini
mise brand association, wake words (e.g. ‘Alexa’) were 
disabled, and visual feedback was limited to the device’s 
standard light ring. This setup allowed for natural, spo
ken dialogue without physical embodiment.

4.1.2.3. Embodied Interface. This setup featured a cus
tom-built physical body with an internal speaker and 
a smartphone ‘face’ displaying simple facial expressions. 
This embodied interface featured a physical, body-shape 
presence, enhancing the interaction with a tangible 
form. The design intentionally utilised basic expressions 
to isolate the effect of physical presence, avoiding poten
tial biases arising from hyper-realistic anthropomorph
ism or complex animations.

4.1.3. 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 3.1.2. The tasks included 
75 questions, categorised into three distinct types of 
health questions: general, symptom, and treatment- 
related questions.

Table 3. Characteristic of participants in Study 2.

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 
Mathematics

2 (10%)

Other 3 (15%)
Frequency of 

online health
information 

seeking
Often 2 (10%)
Sometimes 15 (75%)
Rarely 3 (15%)
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4.1.4. Measures
The measures in this study were designed to align with 
those used in Study 1 to ensure consistency. Besides, we 
asked the participants about their experience with the 
user interfaces selected and adopted two extra question
naires to measure participants’ eHealth (Lopes and 
Ramos 2020) and AI literacy (Carolus et al. 2023) before 
the lab study. During the lab study, we measured par
ticipants’ perceived usability level using (Lewis, Utesch, 
and Maher 2013), and their intention to use the inter
face (adapted from Venkatesh and Bala 2008) for health 
information search after participants completed the 
interaction with each interface.

4.1.5. Procedure
The overview procedure of Study 2 is illustrated in 
Figure 1 (b). Following informed consent, participants 
engaged in three search tasks per interface (text, speech, 
embodied) in a counterbalanced order, resulting in a 
total of nine tasks across the three interfaces. Partici
pants were allowed to interact freely with each interface, 
including asking follow-up questions until they were 
satisfied with the answers. We measured trust in infor
mation after each search task, and overall assessment of 
each specific interface, focussing on trust, usability, and 
their intention to use it in the future upon completing 
each interface condition.

Each lab session ended with a 15-minute semi-struc
tured interview, where participants discussed trust fac
tors, provided comparative evaluations, and offered 
suggestions for improvement of the interfaces. The 
interview protocol is included as Supporting Material.

4.1.6. Data analysis
For the quantitative data, we first verified statistical 
assumptions using Shapiro-Wilk (SHAPIRO and 
WILK 1965) (for normality) and Bartlett’s (Arsham 

and Lovric 2011) (for homogeneity) tests. We then 
explored variable relationships via Pearson correlation 
(Freedman, Pisani, and Purves 2007). To analyze trust 
differences across interfaces and types of search tasks, 
we employed a Mixed Linear Model (MixedLM) (Lind
strom and Bates 1988) controlling for usability based on 
the correlations analysis.

For the qualitative data, we employed a thematic 
analysis (Braun and Clarke 2012) to examine interview 
responses, aiming to understand how trust in health 
information varies with different interfaces. To main
tain consistency with Study 1, we followed the same 
analysis approach described in Section 3.1.6.

4.2. Quantitative findings: lab sessions

4.2.1. Descriptive statistics
We conducted a descriptive analysis to examine factors 
in the study. Our findings showed that participants gen
erally had a positive attitude towards technology, with 
an average PPT score of 3.87 (SD = .33), indicating a 
favourable attitude towards using technology. eHealth 
literacy was moderately high, with a mean score of 
3.68 (SD = .47), and AI literacy was also high, with a 
mean score of 3.70 (SD = .26).

As shown in Table 4, usability level were highest for 
the text-based interface (M = 4.05, SD = .43), compared 
to the speech-based (M = 3.55, SD = .67) and the 

Figure 5. Three dissemination interfaces (Sun, Liu, et al. 2024) were used in the lab study for participants to complete the health- 
related search tasks. (a) text-based interface. (b) speech-based interface and (c) embodied interface.

Table 4. Descriptive statistics of the measured variables in 
Study 2.

Text-based Speech-based Embodied
Mean (SD) Mean (SD) Mean (SD)

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) 3.55 (.63)
Intention to use 3.55 (.86) 3.05 (1.07) 2.70 (.95)
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embodied interfaces (M = 3.55, SD = .63), indicating 
that participants found the text-based interface easier 
to use, which correlated with their intention to use 
these interfaces for health information. Regarding the 
familiarity level with the interfaces, participants were 
most familiar with the text-based interface (M = 3.60, 
SD = .75), followed by the speech-based (M = 2.35, SD  
= .88) and embodied interfaces (M = 1.60, SD = .75). In 
terms of the intention to use the specific interface for 
health information search, participants most intended 
to use a text-based interface (M = 3.55, SD = .86), fol
lowed by the speech-based (M = 3.05, SD = 1.07) and 
embodied interfaces (M = 2.70, SD = .95).

Table 4 also summarises mean trust levels in infor
mation and interfaces. Participants trusted the health 
information from the text-based interface the most 
(M = 4.19, SD = .42), followed by the speech-based (M  
= 4.13, SD = .46) and embodied interfaces (M = 4.00, 
SD = .48). Trust in the interfaces themselves showed a 
similar pattern: highest for the text-based interface (M  
= 3.73, SD = .37), then the speech-based 
(M = 3.57, SD = .46), and lastly the embodied inter
face (M = 3.56, SD = .44). Trust levels were relatively 
consistent across different types of search tasks in all 
three interfaces as shown in Figure 7 (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 embodied interfaces, with each 
participant completing three tasks per interface, total
ling 60 tasks each. For the speech-based interface, 10 
tasks required one repetition and 3 required two, result
ing 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), fol
lowed by the text-based (10 tasks) and speech-based 
interfaces (7 tasks).

4.2.2. Correlation analysis
Regarding RQ2b, which explores whether trust in the 
provided information correlates with trust in the 
specific dissemination interface, the results of Pearson 
correlation analysis in Figure 6 revealed the relations 
among the key variables.

For the text-based interface, there was a significant 
correlation between trust in the information and usabil
ity 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 inter
faces, trust in the information was significantly corre
lated with trust in the interface (r(20) = .52, p < .05). 
Trust in the interface, in turn, showed a significant cor
relation with usability level (r(20) = .69, p , .01). For 

Figure 6. Pearson correlation with key variables (**p < .01, *p < .05).
Note: ‘‘PPT’ means participants’ propensity of trust in technology; ‘eHealth’ and ‘AI’ are participants’ eHealth and AI literacy; ‘TruInf’ represents perceived trust 
level in health information obtained; ‘TruUI’ means trust level in user interface; ‘Fam-’ is the familiarity level of each UI; ‘Txt, Spe, Embd’ represent three CUIs 
respectively.
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embodied interfaces, trust in the information was sig
nificantly 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 significantly 
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 to trust in the interface. Additionally, trust in 
the health information was strongly connected to the 
usability level, particularly for text-based and embodied 
interfaces.

4.2.3. Human trust in information differs by 
dissemination interfaces
The correlation analysis identified significant relation
ships between usability, trust in the interface, and 
trust in the information provided. Following these 
findings and to address RQ1b, which examines how 
different dissemination interfaces (text, speech, embo
died) influence perceived trust, we applied a Mixed Lin
ear Model (MixedLM) (Lindstrom and Bates 1988) 
regression to control for variables such as usability, 
trust in the interface, and familiarity in each interface.

As shown in Figure 7, the MixedLM indicated signifi
cant differences of trust in health information dissemi
nated between text-based and embodied interfaces 
(b = .189, p = .035) and between speech-based and 
embodied interfaces (b = .180, p = .002). These differ
ences were largely influenced by usability which can sig
nificantly predict the trust in the information 
(b = .187, p = .004). There was no significant differ
ence 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 further showed that usability fully 
mediates the relationship between interface type and 
trust in information, with a significant indirect effect 
(b = .154, p , .001) and a non-significant direct 

effect (b = .098, p = .277). These findings highlight 
that usability and trust in the interface are crucial factors 
affecting trust in information.

4.3. Qualitative findings: semi-structured 
interviews

This section outlines themes from the interviews to 
reveal the underlying factors shaping trust across differ
ent modalities (RQ3b). First, we explore ‘what factors 
impact trust perceptions in health information dissemi
nated by different interfaces’. Second, we explore ‘how 
to improve LLM-powered CUIs for trustworthy health 
information seeking’.

4.3.1. What factor impacts trust perceptions in 
health information disseminated by different 
interfaces?
4.3.1.1. Prior experience and familiarity with the inter
face 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 par
ticipants’ trust was primarily influenced by their famili
arity with different interfaces 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 pro
fessionals or reading 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 pro
vides me the information like I used to, uh, familiar 
with. - P2

Figure 7. Left: Mean of perceived trust scores in health information and in the interface, and mean usability level of each interface. 
Right: Median of trust scores in health information for three types of search tasks across three user interfaces. (**p < .01, *p < .05).
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4.3.1.2. Usability of interfaces greatly impacts trust in 
information. As indicated by our quantitative findings, 
particularly with text-based interfaces where usability 
mediated trust. Participants favoured text-based UIs 
for their simplicity and ease of use (P1, P4-P7, P9-11, 
P18). While trust in text-based applications has already 
been established with the rise of LLMs, usability is cru
cial for building trust in less familiar speech and embo
died interfaces (P1, P13, P18, P20).

I think this is more likely to use it. […], because more 
likely to use anything like adding supplementary ques
tions, you can sort of build trust on the information. - 
P18

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

4.3.1.4. Information modality influences how infor
mation is processed, which in turn affects trust. The 
way people process different information modalities sig
nificantly affects their trust. Participants found it easier 
to process text than vocal information, 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 con
text 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, don’t know what 
kind of questions to follow up, whereas text one, I 
can see everything and know exactly what I want to 
ask. Because I can see and go back and refer to the infor
mation. - P7

Additionally, participants expressed that the embodied 
interface requires processing both verbal information 
and non-verbal cues like facial expressions (P3-P5, P7- 
P8, P11-12). This extra information processing can 
raise cognitive load (Robb et al. 2023), further affecting 
users’ trust perception of the delivered health 
information.

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

4.3.1.5. Human-like features introduce additional con
siderations for trust. Participants reported that com
pared to text-based and speech-based interfaces, a 
physical embodiment gave a stronger sense of human 
interaction, leading to greater engagement and more 
follow-up questions (P3-4, P10). Our quantitative 
finding supports that participants asked more follow- 
up questions with the embodied interface than the 
other two. However, physical embodiment introduces 
factors that influence trust perception, such as the 
voice and appearance of the interface (P1, P3-P8, 
P11). Besides, the embodied interface can offer advan
tages similar to interacting with health professionals, 
such as observing symptoms and providing personalised 
advice, which text or speech interfaces lack. However, 
trust in human-like communication can vary. Some 
participants may distrust humans, leading to negative 
perceptions of human-like interactions. These benefits 
also present challenges to privacy concerns associated 
with its 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 problems maybe. 
- P3

Overall, participants preferred embodied interfaces that 
balanced human-like and robotic features, favouring 
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 balance to bring, not be in the hor
ror things but also (the interface) can be advanced. - P3
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4.3.2. How to improve LLM-powered CUIs for 
trustworthy health information seeking?
4.3.2.1. 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 information, thereby 
increasing trust.

I think if they can tell me this was taken from this XYZ 
source and cross reference with XYZX number of 
sources, I 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 rel
evant follow-up questions (P2, P10) when they are not 
fully confident in understanding user’s queries.

It could be nice that you have like a light that’s seeing 
when it’s ready to get a response already. To get a ques
tion, and when it’s talking, you have a different 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 synchronising 
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).

4.3.2.2. Enriching interaction by integrating multiple 
information modalities and improving trust. Partici
pants recommended incorporating multiple infor
mation modalities within a single interface. They felt 
that adding images or videos to text could improve com
prehension, especially in health-related contexts (P4, 
P9). For instance, using images to show specific pain 
areas would enhance a text-based interface. In embo
died interfaces, combining text, images, and videos 
was viewed as beneficial for boosting both trust and 
usability. This multi-modal approach could accommo
date diverse searching styles and preferences, thereby 
enhancing the effectiveness of the health information 
delivered.

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

4.3.2.3. Personalise information toward individual 
needs.. Echoing the qualitative findings from Study 1 
that participants prefer that LLM’s responses are tai
lored to users, participants in Study 2 also emphasised 
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 gen
eric nature of the information provided by interfaces 
as a barrier to trust and expressed a need for more per
sonalised responses, particularly from embodied inter
faces (P1-3, P7, P10-11). The trust would be 
significantly improved if interfaces 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 myself 
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. Discussion

The results from both studies reveal that perceived trust 
in health information varies significantly across search 
agents and dissemination interfaces, highlighting a 
shift from the traditional ‘retrieval’ model of search 
engines to the emerging ‘generator’ model of LLMs 
with the advanced multi-modal CUIs. Following this, 
we discuss the key findings and their design recommen
dations based on the observations from both of our 
studies.

5.1. Divergent trust patterns: from search agents 
to dissemination interfaces

In Study 1, participants showed a higher level of trust in 
ChatGPT compared to Google. Our findings showed 
that ChatGPT’s conversational style and rapid, person
alised responses made users feel heard and understood 
(Rheu et al. 2020), which can be perceived as a sign of 
expertise and relevance (He 2023; Lin et al. 2023). Its 
intuitive and user-friendly interface may further con
tribute to perceived credibility (Flanagin and Metzger 
2007; Fogg et al. 2001).

Beyond overall trust levels, the relationship between 
agent trust and information trust varied by types of 
search agents. For Google, we observed a significant cor
relation between trust in health information provided 
by Google and trust in Google as a search engine. This 
likely reflects longstanding familiarity with traditional 
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search engines, where users have developed a good 
relationship with Google, leading to confidence in 
both the agent and the information it provides (Hafizo
glu and Sen 2018; Haque, Khan, and Abdullah Al Fahim 
2023). In contrast, no significant correlation was found 
between trust in ChatGPT and trust in the health infor
mation it generated, suggesting that people may separ
ate their trust in ChatGPT from their trust in the 
content it produces. Despite ChatGPT’s advanced capa
bilities, users may still be in the process of developing 
trust relationships with conversational search, particu
larly in newer configurations such as ChatGPT search 
(OpenAI 2024)

This divergent trust pattern in health information (as 
defined in Section 3.1.2) can be explained by differences 
in how information sources are structured and per
ceived. In the Google condition, the structural separ
ation between the search agent Google and the 
external medical websites allows users to clearly dis
tinguish the information provider and evaluate source 
credibility independently. In contrast, conversational 
search collapses this distinction. We tentatively refer 
to this pattern as source dissociation, in which trust in 
the conversational agent does not translate into trust 
in the health information it generates. Thus, no signifi
cant correlation was observed between inherent trust in 
the conversational agent and trust in the information 
output. We note, however, that a significant correlation 
in one condition alongside a non-significant correlation 
in the other does not in itself establish that the two cor
relations differ significantly. This interpretation should 
therefore be regarded as exploratory and warrants 
confirmation with larger samples and formal tests of 
correlation differences. Qualitative findings help explain 
this pattern. Our participants evaluated synthesised 
responses primarily based on intrinsic presentation 
rather than the agent’s reputation. As discussed in Sec
tion 3.3.2, credibility judgments were shaped by prior 
experience (P11), logical flow, and professional 
language (P1, P2, P17). In the absence of an explicit 
source, users relied on trust heuristics defined in the 
MATCH model (Liao and Sundar 2022) as a proxy for 
trustworthiness and credibility, effectively decoupling 
trust in the information from the trust in the agent.

Regarding dissemination interfaces, our data from 
Study 2 challenges the assumption that higher modality 
richness (e.g. voice or avatars) linearly enhances trust. 
Despite the MAIN model’s suggestion that modality 
and social cues may increase credibility (Sundar 2007), 
our quantitative trust ratings showed a significantly 
higher trust in text-based interface over speech-based 
or embodied ones. While speech-based and embodied 
interfaces provided more natural interactions, our 

participants favoured text-based interfaces for health 
inquiries because they allowed for easier and more pre
cise cross-referencing, a critical factor when seeking 
accurate medical advice. Besides, the familiarity of 
text-based interaction also appears to outweigh the 
value of richer modalities, particularly in high-stakes 
health scenarios. Our quantitative analysis further sup
ported these findings, showing that trust in an interface 
directly influenced trust in the information it provided. 
This aligns with established research (Fogg et al. 2000; 
Johnson, Rowley, and Sbaffi 2015; Wathen and Burkell 
2002; Y. Zhang et al. 2022) confirming that source credi
bility is a key factor in how users evaluate health infor
mation. This highlights the importance of designing 
LLM-powered tools that not only deliver accurate health 
information but also foster user trust with such tools.

Lastly, across both studies, we found no significant 
main effect of task type on trust ratings. This indicates 
that the trust patterns described above, preferring con
versational agents but text-based CUIs, are robust and 
consistent across different categories of health inquiries, 
suggesting a generalised behaviour rather than a task- 
specific anomaly.

5.2. Factors of trust in LLM-powered 
conversational search for health information 
seeking

We identified the key factors that drive the trust patterns 
observed above for LLM-powered conversational search 
by synthesising our qualitative insights from both 
studies.

5.2.1. The role of search autonomy and familiarity
Our qualitative data identifies two factors that influence 
trust in health information: the user’s search autonomy 
(moderated by prior knowledge) and reliance on 
familiarity.

Search Autonomy and Prior Knowledge. Search 
autonomy, the degree of control users exercise over 
the information seeking process, emerged as a key factor 
shaped by the user’s prior knowledge of health queries. 
Our interview data reveal that participants preferred 
Google because it supported an autonomous ‘searching’ 
process. They valued Google’s ability to cross-reference 
multiple sources to verify consistency, thereby enhan
cing their confidence in the information (Wortham 
and Theodorou 2017), and they viewed this transpar
ency as a prerequisite for trust. However, participants 
with limited prior knowledge favoured the low-auton
omy, high-synthesis approach of ChatGPT. As noted 
by our participants from Study 1, LLM served as a 
‘knowledge scaffold’, transforming complex medical 
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jargon into easier-to-understand summaries. Our par
ticipants viewed ChatGPT as a convenient starting 
point, offering initial insights that guide further detailed 
searches. This aligns with Xu, Feng, and Chen (2023b), 
suggesting that for novices, the efficiency of a direct 
answer outweighs the benefits of deeper verification. 
Thus, prior knowledge serves as an internal trust cali
brator, reducing the need for extensive autonomous 
search. In the LLM context, search autonomy is 
redefined as the ability to ask iterative follow-up ques
tions, a crucial feature noted by our participants who 
prioritise verification. This highlights a divergence in 
behaviour: higher prior knowledge mitigates the 
reliance on search autonomy, whereas the drive for 
information validation reinforces it.

Familiarity. Beyond search autonomy, trust was 
heavily influenced by familiarity level and their prior 
experience, as supported by previous studies (Harring
ton and Egede 2023; Johnson, Rowley, and Sbaffi 
2015; Luria, Hoffman, and Zuckerman 2017; Sankara
narayan Raju and Reilly 1980; Schaffer et al. 2019). In 
Study 1, the strong correlation between trust in Google 
(the agent) and its information can be attributed to a 
‘legacy effect’. Participants described their trust in Goo
gle as a product of higher familiarity, echoing prior 
work (Kuang et al. 2023), whereas trust in ChatGPT is 
still nascent. In Study 2, this familiarity bias strongly 
favoured text-based interfaces. Our qualitative data 
indicated that participants trusted text interfaces not 
necessarily because they were technically superior, but 
because they aligned with their habitual methods of 
health information seeking. Speech and embodied inter
faces, despite their novelty, introduced extra cognitive 
load that disrupted this familiarity. These findings 
underscore that fostering trust in emerging conversa
tional agents and interfaces requires more than techno
logical advancement. It demands a design strategy that 
builds familiarity by aligning new technologies with 
users’ established search habits for online health 
information.

5.2.2. Usability of conversational search
Grounded in the established trust model (Johnson, 
Rowley, and Sbaffi 2015) and prior work (Ellis, Cox, 
and Hall 1993), our findings confirm that usability 
(e.g. ease of use) is not merely a functional attribute 
but a fundamental prerequisite for trust formation. 
However, our qualitative insights reveal that the 
definition of ‘usability’ shifts depending on the com
plexity of the conversational search.

Efficiency vs. Transparency (Study 1) For search 
agents, usability influenced trust through two distinct 
mechanisms: cognitive ease and process transparency. 

Participants who favoured ChatGPT equated usability 
with efficiency, the ability to obtain quick answers and 
initial insights. This aligns with Xu, Feng, and Chen 
(2023b), showing that users spend less time on 
ChatGPT for similar tasks compared to Google, which 
indicates a preference for its efficiency. Conversely, 
users who preferred Google defined usability as trans
parency, the ability to easily cross-reference sources. 
Our qualitative data indicates that for these users, the 
‘streamlined’ nature of ChatGPT was perceived not as 
usable, but as opaque, whereas Google’s interface facili
tated a transparent verification process essential for 
high-stakes health queries.

Interactive Complexity of Multimodal CUIs (Study 
2). Regarding dissemination interfaces, prior research 
suggests that multi-modal interfaces such as embodied 
and speech interfaces increase engagement by integrat
ing visual and auditory elements next to text alone 
(Bokhari and Hasan 2013; Bruno, Kludas, and Marc
hand-Maillet 2007; Deldjoo, Trippas, and Zamani 
2021; Robb et al. 2023; Rusnandi, Winarko, and Azhari 
2020). Besides, Deldjoo, Trippas, and Zamani (2021) 
indicate that multi-modal systems can facilitate more 
comprehensive and immersive comprehension of con
tent by stimulating multiple senses. As evident by the 
MAIN model from Sundar (2007), modality can influ
ence the perception and trust of the information. How
ever, our participants from Study 2 interviews reported 
that this added richness but introduced unnecessary 
cognitive load (Oviatt 2020; Robb et al. 2023). Proces
sing visual and auditory cues required more mental 
effort than simply scanning text. Our participants 
expressed that the increased complexity of multi- 
modality can impact usability and, subsequently, trust 
perception. Our participants also mentioned that 
multi-modal interactions may feel more engaging and 
human-like, they can introduce opportunities for errors, 
echoing the prior studies, such as misinterpreting tone 
in speech (Gaiser and Utz 2023; J. Kim et al. 2022; 
Lam, Lee, and Sui 2019; Porcheron et al. 2018) or syn
chronisation issues in embodied interactions (Antle, 
Marshall, and van den Hoven 2011; Cassell et al. 1999, 
2000; Cassell 2001; Olafsson et al. 2021). As noted by 
participants, the straightforward nature of text-based 
interfaces reduced such opportunities, fostering greater 
transparency and reliability in information.

Furthermore, our qualitative data highlight a lower 
tolerance for technical inconsistencies in multi-modal 
interactions. Participants noted that minor errors, 
such as a synchronisation lag in the embodied avatar’s 
expressions, can immediately break the illusion of com
petence, leading to skepticism (Cassell et al. 1999; Oviatt 
2020). In contrast, text-based interfaces offered a robust 
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medium. Therefore, the usability design should be 
prioritised to foster trust in digital tools for health 
search.

5.2.3. Perceived anthropomorphism and 
personalisation in LLM-powered health 
information seeking
Our qualitative analysis (Sections 3.3.2.4 and 4.3.1.5 ) 
reveals that trust in conversational search is heavily 
influenced by two complex factors introduced by the 
advanced LLMs: the perception of anthropomorphic 
features and the depth of personalisation.

Human-like Features vs. Human Identity Prior 
research indicates that the anthropomorphism of 
LLMs influences user trust (Carlbring et al. 2023; Kor
teling et al. 2021; Pelau et al. 2022; Pelau, Dabija, and 
Ene 2021; Van Bulck and Moons 2023). Specifically, 
their conversational nature fosters intuitive information 
delivery, while role-playing capabilities (Maurya 2023; 
Shanahan, McDonell, and Reynolds 2023), such as 
simulating a doctor’s persona to enhance perceived rel
evance and credibility (Esterwood and Robert 2020). 
Cai, Jin, and Chen (2022) find that mirroring the style 
of human advisors increases user attention and comfort. 
Interpreting our findings through the lens of the MAIN 
model (Sundar 2007) regarding information modality 
and anthropomorphism, we observe that while our par
ticipants appreciate the functional benefits of such 
human-like features, they remained cautious toward 
deceptive anthropomorphism. Participants indicated 
that trust is enhanced when LLMs adopt a human-like 
conversational style, specifically, to break down com
plex medical jargon into manageable pieces rather 
than overwhelming users with lengthy responses. More
over, incorporating empathy, encouragement, and 
understanding in LLM interactions can further foster 
deeper user engagement and trust (Li et al. 2021; 
B. Liu and Sundar 2018; Rahmanti et al. 2022), a point 
that our participants echoed.

However, Sherman et al. (2021) and Placani (2024) 
argue that making LLM-powered AI highly human- 
like in appearance does not necessarily enhance trust, 
particularly in health contexts where users often prefer 
neutral, clear information (Sun, Ma, et al. 2024). Placani 
(2024) and Festerling and Siraj (2022) suggest that using 
familiar language, a reassuring tone, and a patient- 
centred approach, similar to traditional healthcare, can 
be more effective for fostering trust (Luria, Hoffman, 
and Zuckerman 2017; Schaffer et al. 2019). Our findings 
support that ‘human-like’ does not imply a desire for AI 
to pretend to be human. Human-like features can evoke 
discomfort or skepticism due to ‘uncanny valley’ effect 
(Valley 2024). Our findings reinforce this distinction: 

participants appreciate human-like communication but 
are concerned about the pretense of human identity. 
In Study 2, participants emphasised the necessity of 
source transparency. Clearly identifying the source as 
an AI allowed users to set realistic expectations and cri
tically assess the content, aligning with prior work on 
source identification for trust (Chin 2002; Placani 
2024; Sun et al. 2025; Y. Zhang et al. 2022). Thus, effec
tive trust-building requires a balance: leveraging the 
empathy and clarity of human-style conversation (Li 
et al. 2021; B. Liu and Sundar 2018) while maintaining 
explicit transparency about the agent’s artificial nature 
to avoid confusion or skepticism (Schaffer et al. 2019; 
Sun, Ma, et al. 2024).

The Trade-off Between Personalisation and Priv
acy. Our findings also identify personalisation as a 
double-edged sword: it boosts engagement and utility- 
based trust, yet simultaneously triggers privacy-related 
distrust.

On one hand, our participants expressed that trust is 
built when LLMs demonstrate ‘contextual empathy’, 
adapting their tone to the user’s specific symptoms or 
emotional state. Unlike static search engines, the 
LLM’s ability to handle follow-up questions and inter
pret complex, multi-faceted health queries with contex
tual depth, allowing for responses that are tailored to 
individual needs, which makes users feel ‘being heard’. 
This corroborates Sillence et al. (2007), who argue that 
people are more likely to trust personalised responses 
when seeking health information online. This is particu
larly valuable in health contexts, where advice tailored 
to specific symptoms or emotions can make tools appear 
more empathetic and supportive, maintaining continu
ity in interactions and improving user experience (Jang 
and Lukasiewicz 2023).

On the other hand, as our participants revealed in the 
interviews of Study 2, the depth of contextual inter
action can also raise significant anxiety regarding the 
privacy of data handling (Friedland and Tschantz 
2019; Katsini et al. 2020). As the interaction becomes 
more personalised (and thus requires more sensitive 
personal data input), participants expressed concerns 
about data leaks and surveillance. This was particularly 
evident regarding multi-modal features of CUIs, as our 
participants feared that voice or embodied interfaces 
might engage in ‘constant listening’ or visual monitor
ing (Carey et al. 2019; Lott et al. 2022) without informed 
consent (Wei et al. 2022), increasing the potential for 
misuse or breaches of personal data. This tension high
lights a critical insight: trust in personalised health AI is 
conditional on data safety. As noted by Bansal and War
kentin (2022), trust depends not only on the content 
credibility but also on how data is managed. While 
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users desire the benefits of tailored health advice, our 
interview data suggests that robust data protection 
and transparent privacy protocols (Liao and Sundar 
2022; Rafael 2020; Wang et al. 2023; Wortham and 
Theodorou 2017) are a non-negotiable prerequisite for 
maintaining trust in these personalised interactions in 
highly sensitive health contexts.

5.3. Design recommendations for LLM-powered 
health information systems

Grounded in our qualitative evidence and prior litera
ture, we propose four design recommendations for 
future development of trustworthy LLM-powered 
health tools and systems. These recommendations are 
exploratory implications derived primarily from our 
qualitative findings and require validation in future 
quantitative studies.

Bridging the gap between search and verification. 
Our findings from Study 1 indicate that users often 
use LLMs as a starting point rather than a final auth
ority, actively seeking to verify information with mul
tiple information sources. Current LLM-powered 
CUIs, however, often present generated answers as 
absolute truth, forcing users to leave the platform to ver
ify facts. To support this user-driven verification behav
iour related to the search autonomy, designs should act 
as a ‘bridge’ rather than just an answer generator. This 
could involve integrating clickable provenance where 
users can trace specific medical claims back to source 
documents directly within the chat flow. Furthermore, 
when an LLM detects high-stakes medical queries, it 
could proactively prompt users with verification cues 
(e.g. ‘This is a complex condition; would you like to 
see clinical guidelines?’). By supporting rather than 
replacing the user’s autonomy in information seeking, 
LLMs can shift from being viewed as potentially halluci
natory chatbots to reliable search assistants, especially in 
sensitive health contexts.

Designing for functional anthropomorphism with 
explicit identity. Our study reveals a critical distinction: 
participants trust the patterns of a human advisor 
(empathy, reflective) but distrust the visual pretense 
(avatars, ambiguous identities). This suggests a design 
shift from full anthropomorphism to functional anthro
pomorphism. Designers should prioritise replicating the 
conversational style of a health consultation, such as 
breaking down complex diagnoses, offering reassurance, 
without attempting to visually or structurally imperso
nate a human doctor. Interfaces should avoid the 
‘uncanny valley’ (Valley 2024) by maintaining an expli
cit identification for AI (e.g. using clear labelling (Sun 
et al. 2025)) while retaining the warm, explanatory 

tone that users value. It aligns with the need for source 
transparency (Y. Zhang et al. 2022) while delivering the 
cognitive comfort of human-like advice (Cai, Jin, and 
Chen 2022).

User-aware calibration. Trust in health AI relies on 
the system’s ability and modality to align with user’s 
specific needs and mental states. Our participants high
lighted that a ‘reassuring tone’ increased their trust. 
This points to a unique opportunity for LLMs to function 
not just as informational tools, but as agents of emotional 
regulation. Design recommendations could be imple
menting affect-aware calibration (Sun et al. 2025), 
where the system detects signs of user distress or high- 
stakes symptoms and prioritises ‘affective safety’ in its 
output. By balancing clinical accuracy with emotional 
intelligence, LLM-powered CUIs can mitigate the 
‘cyberchondria’ (White and Horvitz 2009) often associ
ated with online health seeking, creating a safer environ
ment for health inquiry. In addition, to address varying 
levels of prior knowledge (e.g. health literacy), designs 
should tailor to different users employing dynamic 
scaffolding (Quintana et al. 2004). By implicitly detecting 
a user’s expertise (e.g. via their use of medical terminol
ogy), systems can adapt their response complexity. 
Moreover, the system or the CUIs can adapt their output 
into various modalities based on user states and literacy 
level, as suggested by our participants (P4, P9), to incor
porate multiple information modalities to improve trust.

Privacy-preserving personalisation. The tension 
between the utility of personalised advice and fear of 
data surveillance emerged as a key barrier to trust of 
LLMs in health contexts. While participants valued con
textual and tailored responses, they simultaneously 
expressed concerns about constant monitoring and lis
tening. In response, LLM-powered interfaces could 
introduce features such as incognito health modes or 
explicit forgetting mechanisms that allow users to dis
able memory retention for sensitive queries selectively. 
In addition, different modalities of privacy indicators 
should be explored (Bansal and Warkentin 2022; 
Schaub et al. 2015). For example, visual cues that signal 
when prior symptom data are being used to generate a 
response could help make personalisation processes 
legible, transforming opaque data practices into trans
parent and accountable design features. Future systems 
should move beyond binary consent models (accept/ 
reject) toward more granular and context-sensitive priv
acy controls. In line with theories of contextual integ
rity, health-related interactions should be designed 
with attention to appropriate information flows, includ
ing the roles of information providers and recipients, 
transmission principles, and types of data involved (Nis
senbaum 2004).
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6. Limitations and future work

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

First, our research focussed solely on Google and 
ChatGPT as representatives of traditional search 
engines and conversational search, respectively. While 
these are currently the most prominent examples, we 
recognise the emergence of hybrid approaches, such as 
Bing (new Bing 2023) and ChatGPT Search (OpenAI 
2024), which combine web browsing with LLM capabili
ties. Nevertheless, our study serves as a foundational 
step in unravelling insights into human trust and 
reliance on information provided by traditional and 
LLM-powered search agents. In addition, our study 
focuses on health-related information. The differences 
in trust perceptions may vary when considering other 
types of information or contexts, and this specificity 
could limit the generalisability of our findings. Future 
work should investigate how emergent hybrid technol
ogies that blend browsing with generation influence 
trust, while also validating these perceptions across 
diverse information domains to ensure the broader gen
eralisability of our findings.

Second, our research design utilised a lab study fol
lowed by semi-structured interviews. While this method 
balanced the need for in-depth insights with privacy 
concerns regarding personal health data, it may not 
fully capture the spontaneity of real-world infor
mation-seeking behaviours. In addition, while our nat
uralistic study design preserved the ecological validity 
of the search process, it resulted in varying interaction 
depths across participants. For instance, behaviours in 
the Google condition ranged from ‘zero-click’ searches 
to deep navigation of links to external websites, while 
ChatGPT interactions varied from single-turn queries 
to multi-turn dialogues. We acknowledge that the quan
tity and depth of interaction could have behaved as hid
den covariates that influence trust formation. Future 
research should consider longitude and controlled 
designs (e.g. fixing the number of turns or clicks) to iso
late or monitor the specific impact of interaction 
volume on trust with long-term naturalistic search 
behaviours.

Third, our study focussed on user perception rather 
than the factual accuracy of the LLM responses. We 
did not evaluate whether trust levels correlated with 
the actual accuracy of the information provided. As 
LLMs are prone to ‘hallucinations’ (Wikipedia 2023b), 
future work should examine the relationship between 

response accuracy, hallucination rates, and user trust, 
particularly as newer tools with web-searching capabili
ties aim to mitigate these reliability issues. Additionally, 
we used OpenAI’s native speech recognition to standar
dise verbal interactions for speech-based and embodied 
interfaces. While not fully accurate, participants 
resolved minor errors via rephrasing, and no concerns 
were raised during our interviews, suggesting minimal 
impact on the results. Future studies may benefit from 
integrating more advanced recognition models. Fur
thermore, our trust measures did not differentiate 
between cognitive trust, grounded in perceived compe
tence and reliability, and affective trust, grounded in 
emotional bonds and perceived benevolence. The ques
tionnaires employed primarily capture cognitive evalu
ations of credibility. Future work should examine how 
affective trust develops and interacts with cognitive 
trust in conversational health information seeking.

Lastly, the influence of varying demographics, like 
age and education level, was not fully considered. Our 
samples were recruited primarily from Europe and con
sisted largely of students and digitally literate users, 
which may limit the generalisability of the findings to 
other demographic groups or to users with lower digital 
literacy. Beyond demographic homogeneity, the modest 
sample sizes (N = 21 and N = 20) also constrain the 
inferential strength of our quantitative results: estimates 
from samples of this size carry wide confidence inter
vals, non-significant results cannot be interpreted as evi
dence of absence, and the risk of unstable effect 
estimates is elevated. The quantitative findings should 
therefore be considered preliminary and be replicated 
with larger samples. Although these factors could poten
tially influence trust in online information, addressing 
these variables was beyond the scope of our current 
work. Nevertheless, it provides an opportunity for sub
sequent research to further explore how different demo
graphic groups perceive and trust online health 
information differently, thus broadening the under
standing of online health information trust across 
diverse user groups.

With the continuous and rapid advancements in AI 
technology, it is vital to continue validating and verify
ing such findings relating to trust perceptions and how 
these may change over time with newer AI 
advancements.

7. Conclusion

In this research, we investigated trust in health infor
mation seeking by comparing distinct search agents 
(Google vs. ChatGPT) and three LLM-powered 
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conversational user interfaces (text, speech, and embo
died). Study 1 revealed that participants placed higher 
trust in information from ChatGPT than Google, a pre
ference driven by factors such as prior experience, infor
mation presentation style, and interaction mode rather 
than the specific types of health query. Study 2 demon
strated that interface modality further influences trust in 
disseminated information that text-based CUIs being 
preferred for their familiarity level and ease of use. 
While speech-based and embodied interfaces offered 
natural verbal interaction but raised concerns about 
privacy and authenticity. Collectively, our findings 
highlight that trust is influenced by both the source 
agents and dissemination interfaces. These insights 
offer a foundation for developing future health AI 
tools that are not only reliable and informative but 
also trusted and tailored to diverse user needs.
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