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The effect of agent persona on source-clicking, reliance and trust in generative
conversational search and the moderating role of health literacy

Shatha Degachi, Evangelos Niforatos and Gerd Kortuem

Delft University of Technology, Delft, The Netherlands

ABSTRACT

The utilisation of digital health information is increasingly prevalent, and generative Al-based
health information search is likely to become commonplace as well. Yet generative conversation
search still has the potential to disseminate inaccurate or incomplete information. Calibrating
user reliance on, and trust in, system responses to be more appropriate may mitigate some
harms following from this. Indeed, past research shows that clickihng on sources in
conversational search can improve appropriate reliance, although low source click-through rates
remain a challenge. This research explores the design of search agent personas to increase
source-clicking rates and foster appropriate reliance and trust. Further, we investigate how
health literacy variance moderates the relationship between persona and source-clicking, trust
and reliance. Our results show that persona design is a promising direction for influencing
source page use frequency, and that health literacy interacts with persona design to affect
verification behaviour and perceived risk. This work contributes to the development of more
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verifiable generative conversational search systems in healthcare contexts.

1. Introduction

The utilisation of digital health information is increasingly
prevalent, with 58.15% of residents in the European
Union having used the internet to find health information
in 2024 (Eurostat 2022). With the introduction of Large
Language Models (LLMs) (Brown et al. 2020; Radford et
al. 2018) and subsequent rise in the commercial avail-
ability of conversational search tools,' generative Al-
based health information search is likely to become com-
monplace as well. Like previous innovations in personal
digital health, generative conversational search promises
increased scalability, availability, anonymity and support
to an overextended healthcare system (Crisp and Chen
2014; Crutzen et al. 2011; Luxton et al. 2011; Mohr, Ben-
zer, and Young 2013; Versluis et al. 2022). It also delivers
increased personalisation and usability compared to pre-
vious conversational agents and digital health tools
(Freire, Wang, and Niforatos 2024).

Yet, generative conversational search still has the
potential to disseminate inaccurate or incomplete infor-
mation (Borji 2023; Ji et al. 2023; J. Li et al. 2024; Rawte,
Sheth, and Das 2023; Shi et al. 2023). In the healthcare
domain, this is especially concerning, as search agents
may contribute to the spread of health misinformation

(Weidinger et al. 2022). While digital health utilisation
improves healthcare service utilisation (Eastin and
Guinsler 2006; White and Horvitz 2014) and health out-
comes (Jiang and Street 2017), exposure to misinforma-
tion negatively impacts the same (Lan, Mahmoud, and
Franson 2024). Moreover, such inaccuracies may mis-
lead users into unknowingly taking actions harmful to
themselves or others (Metzger et al. 2024; Weidinger
et al. 2022). Calibrating user trust in, and reliance on,
system responses to reduce under- and over-trust may
mitigate some of these concerns. When trust and
reliance are appropriate, they are aligned with actual
system capability and trustworthiness (Centeio Jorge
et al. 2021; Lee and See 2004; O’Neill 2018), reducing
the risks of dis- and mis-use (Parasuraman and Riley
1997) that arise from inappropriate trust.

HCI researchers have worked to address the problem
of appropriate trust and reliance through many means,
most often through explanations (Mehrotra et al. 2024).
However, new research shows that even the mere pres-
ence of various explanation types can increase blind
trust in, and overreliance on, Al tools (Bansal et al.
2021; Pafla, Larson, and Hancock 2024; Si et al. 2024;
X. Wang and Yin 2021; Zhang, Vera Liao, and Bellamy
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2020). In response to these limitations, promising novel
design directions are emerging. Indeed, recent research
shows that clicking on sources in LLM responses (Kim
et al. 2025) and verification-based explanations (Fok
and Weld 2024) can improve appropriate reliance by
empowering users to validate outputs. However, low
source click-through rates remain a challenge (Kim et
al. 2024, 2025; Narayanan Venkit et al. 2025), and
many users may be missing key information needed to
make reliance and trust judgements. One possible ave-
nue for improving source-clicking (or source click-
through rates) or verification behaviour could be the
design of the search agent persona. The expression of
personality in conversational agents through language
features and other elements of interface design is well-
researched (Harrison et al. 2019; Mairesse and Walker
2011; Ruane, Farrell, and Ventresque 2021; Smestad
and Volden 2018). In healthcare, Niflen et al. (2022)
found that affective bond with interpersonally distant
agents (Peer vs Doctor) was moderated by age. More-
over, Biro, Linder, and Neyens (2023) found that
agent persona qualifications (Nursing Student vs
Doctor) impacted perceived usability. We build on
these insights by investigating whether agent persona
and personality can affect not only user experience but
also verification behaviour and subsequently the appro-
priateness of reliance behaviour and trust beliefs.
However, trust and reliance judgments are influenced
not only by system design but also by characteristics of
the user and their environment, such as task topic

expertise (Szymanski, Millecamp, and Verbert 2021; X.
Wang and Yin 2021). As this work is part of the ‘Our
Smart Family Buddy’ project, which aims to develop a
digital intervention that facilitates a healthy lifestyle in
young families in vulnerable circumstances, we specifi-
cally investigate how health literacy variance moderated
the relationship between persona and source-clicking.
Health literacy was further selected as an object of
study as the cognitive demands of processing health
information are inversely related to health literacy and
message complexity (Meppelink et al. 2016; Squiers et
al. 2012; Sweller 1994). Such cognitive load has been
shown to impact user trust judgements in Human-AI
collaboration (Ahmad et al. 2019; Khawaji et al. 2014;
Zhou et al. 2017). Moreover, lower health literacy is
associated with higher trust in information from social
media and blogs, in addition to lower use of medical
websites and less trust in information from specialists
(Chen et al. 2018). Therefore, health literacy likely
affects users’ perception of, and interaction with, search
agent personas. Figure 1 illustrates the hypothesised
relationships between constructs studied in this paper.
We therefore pose the following research question:

¢ RQI1: What effect does agent persona have on the
appropriateness of user reliance on, and trust in, gen-
erative health conversational search?
- (a): What effect does health literacy have on the
relationship above?

Health

Literacy

t  Source Clicking

Agent Persona

--------- # Direct Relationship
———p Moderating Relationship

' =m

Search Satisfaction

Figure 1. Diagram of hypothesised relationships between constructs under investigation. A flowchart connecting five constructs.
Health Literacy is shown at the top, connected by a solid arrow to the dotted arrow between Agent Persona and Source-Clicking,

Reliance and Trust.



To answer this question, our research explores the
manipulation of search agent personas through
domain-specific writing strategies to increase source
click-through behaviour. We designed a between-sub-
jects crowdsourced study with 57 participants, where
participants interacted with one of two personas varied
along the axes of warmth and formality, to complete a
health information search task. Personas were designed
based on writing strategies and language features
described in the works of Ngai, Singh, and Yao (2022)
and Niflen et al. (2022) on communication and conver-
sational agents in digital health.

We contribute an understanding of persona design as
a promising direction for influencing aspects of source-
clicking, such as source page use frequency. Further, we
uncover a need for more nuanced communication
design in digital health contexts by surfacing interaction
effects between health literacy, persona design, and atti-
tude towards Al on source-clicking behaviour and per-
ceived risk. We discuss potential directions for reducing
friction in conversational search verification and
rethinking the measurement of reliance and accuracy
in digital health research. Overall, this work furthers
the development of more acceptable and verifiable gen-
erative conversational search systems in healthcare
contexts.

2. Related work

In this section, we cover the use of conversational search
and LLMs in digital health, then unpack the possible
harms of over-trust and reliance arising from their
adoption. We further describe past research into the
perception and implementation of conversational
agent personality. Lastly, we define the concept of health
literacy and show why it is relevant to understanding
verification behaviour, reliance behaviour, and trust
beliefs in this context.

2.1. LLMs and conversational search in digital
health

The digitalisation of healthcare and health information
communication over the past two decades has aimed
to deliver increased scalability, availability, anonymity
and support to an overextended healthcare system
(Crisp and Chen 2014; Crutzen et al. 2011; Luxton et
al. 2011; Mohr, Benzer, and Young 2013; Versluis et
al. 2022). This digitalisation has occurred in many
ways, from the utilisation of web engines for health
information seeking to the development of diagnostic
image analysis algorithms. Chatbots and conversational
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agents have been a large part of this trend (Bin Sawad et
al. 2022; Kocaballi et al. 2019; Milne-Ives et al. 2020),
with agents being used to support behaviour change,
health monitoring, professional training, and other
activities, including health information search. Bick-
more et al. (2016) found that participants using conver-
sational search were more satisfied with their search for
clinical trials online than those using conventional
search. Furthermore, they also found that conversa-
tional search enabled users with low health literacy to
locate trials online, which they had previously been
unable to do, thereby improving information accessibil-
ity. LLMs have now proliferated in healthcare, having
been applied in diagnostic support, clinical documen-
tation, medical research and more (L. Wang et al.
2024). Conversational generative search based on
LLMs promises to be the next application domain to
merge the improved accessibility of previous agents
with the increased personalisation and usability of
LLMs.

Question-answering systems built on LLMs already
demonstrate impressive performance on health knowl-
edge tasks (Q. Li, Li, and Li 2024; Seidel et al. 2024; Sin-
ghal et al. 2023; L. Wang et al. 2024). These systems use
natural language processing to resolve single-shot
queries; however, they lack the multi-turn interaction
of conversational generative search, which allows for
complex, memory-retaining, contextual dialogues with
users (Mo et al. 2025; Radlinski and Craswell 2017).
Moreover, much of the research on conversational gen-
erative search in healthcare has focused on the technical
development and evaluation of such systems (Abbasian
et al. 2024; Arias-Duart et al. 2025; Bedi et al. 2024),
while the critical study of human factors in this context
has not received as much attention. This work, there-
fore, focuses on the understudied human aspect of an
emerging and increasingly popular technology in the
high-risk healthcare domain.

2.2. Inappropriate trust and reliance in GenAl

LLMs introduce uncertainty into users’ decision-mak-
ing by introducing plausible errors into responses
(Metzger et al. 2024; Weidinger et al. 2022). Under con-
ditions of uncertainty, trust emerges as the belief that an
agent will help users achieve their goal (Lee and See
2004). Trust in automation, and even in conversational
agents, is well studied (Hoff and Bashir 2015; Lockey et
al. 2021; Rheu et al. 2021); when trust and reliance are
appropriate, they are aligned with actual system trust-
worthiness and capability (Centeio Jorge et al. 2021;
Lee and See 2004; O’Neill 2018), and risk of system
dis- and mis-use is reduced (Parasuraman and Riley
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1997). Trust and reliance can be made more appropriate
through a process of calibration; updating a trust stance
by aligning perceptions of an actor’s trustworthiness
with its actual trustworthiness (de Visser et al. 2020).
HCI researchers have tried to calibrate trust and reliance
decisions, often through explanations or communi-
cation of limitations (Mehrotra et al. 2024); however,
some issues have been observed in these approaches.
Recent work shows that even the mere presence of
many explanation types can increase blind, inappropri-
ate, trust in, and overreliance on, Al tools (Bansal et al.
2021; Pafla, Larson, and Hancock 2024; Si et al. 2024; X.
Wang and Yin 2021; Zhang, Vera Liao, and Bellamy
2020). Si et al. (2024) found that even when ChatGPT
explanations were incorrect, users found them convin-
cing, and that, being unfamiliar with the task topic,
they chose to trust the agent by default. Moreover,
Metzger et al. (2024) show that disclaimers on agents’
limitations did not alter users’ trust.

Nonetheless, some potentially effective design direc-
tions have been emerging recently in response to calls
for research on trust calibration in the context of con-
versational agents (Desai et al. 2024). Though Metzger
et al. (2024) found disclaimers to have limited effective-
ness in impacting user trust, they did show that com-
munication style (assertiveness) could be effectively
leveraged to calibrate trust. Kim et al. (2024) and Hosk-
ing, Blunsom, and Bartolo (2024) similarly found that
assertiveness impacted perceived uncertainty and per-
ceived rate of error. This is because trust can be affected
by aspects of the system beyond capability, such as
interface design; these aspects may be warranted or
unwarranted trustworthiness cues (Liao and Sundar
2022). In research on verification, Kim et al. (2025)
found that users made more appropriate reliance
decisions and were more accurate when they clicked
on links in LLM outputs. Furthermore, Fok and Weld
(2024) argue that explanations can only assist in appro-
priate trust and reliance decisions insofar as they enable
easy verification of AI outcomes. Yet, verification
behaviour and source-clicking in interaction with
LLMs remain low (Kim et al. 2025; Narayanan Venkit
et al. 2025). This disparity suggests room for improve-
ment in the design of conversational interfaces, possibly
through the use of communication style to enable and
motivate verification and thus reduce inappropriate
trust and reliance.

2.3. Agents with personality

Designing conversational agents to embody a given per-
sonality, persona or role has become a widespread prac-
tice among researchers and developers (Pradhan and

Lazar 2021). Lessio and Morris (2020) define personality
in conversational agents to mean ‘a set of traits that is
stable across situations and time and acts as a guiding
influence on agent behaviour and interactions’ while a
persona is ‘a fictional character and can have a name,
age, education or job, or even a defined backstory and
personalities’ (Pradhan and Lazar 2021). Imbuing agents
with personas or personality traits has been shown to
impact many aspects of the user experience of conversa-
tional agents. In retail settings, agent personality can
impact usability, engagement (Elsholz, Chamberlain,
and Kruschwitz 2019) and even product ratings (Eun
Rhee and Choi 2020). Personas and roles are similarly
impactful in the healthcare domain. Niflen et al
(2022) found that younger participants had higher affec-
tive bonds with more interpersonally distant lifestyle
intervention agents, such as experts, while older partici-
pants reported higher outcomes for closer peer-like
agents. Biro, Linder, and Neyens (2023) found that
users who interacted with a Nursing Student persona
reported lower usability compared to a Doctor or
Nurse persona. Additionally, chatbot language formality
has been observed to affect users’ perceived competence
when disclosing sensitive health information and the
quality of data they give Cox and Ooi (2022). In digital
health communication research as a whole, there exist
some contradictory findings. While some studies (Bern-
hardt and Felter 2004; Niu, Jeong, and Willoughby
2020) observed that users preferred, and were more
influenced by, health information presented from a
peer perspective over that of an expert, more recent
research (Ngai, Singh, and Yao 2022) has found that
social media posts utilising scientific language were
more liked. This suggests there might be more nuances
to be untangled in the presentation of digital health
information.

Personality, persona or roles may be infused into
agents through a number of means. In embodied or
voice agents, voice and visual presentation can be
designed to reflect specific characteristics (Luce Lupetti
et al. 2023; Eun Rhee and Choi 2020). In text-only
agents, both verbal and non-verbal cues are still avail-
able to designers. When designing agents’ language, lin-
guistic style such as verbosity, hedging or politeness
words can reflect personality traits such as formality
(Ruane, Farrell, and Ventresque 2021), extraversion
(Mairesse and Walker 2011; Ruane, Farrell, and Ventr-
esque 2021; Volkel et al. 2022), authoritativeness (Hosk-
ing, Blunsom, and Bartolo 2024; Kim et al. 2024;
Metzger et al. 2024), scepticism (Wester et al. 2024)
and neuroticism (Mairesse and Walker 2011). Designers
may also utilise non-verbal cues such as agent proactiv-
ity (Meng, Lu, and Xu 2025) or emoji inclusion. Fadhil



et al. (2018) found that in health coaching systems,
mental wellbeing chatbots were rated more highly
when emojis were included in their response, while
the opposite was true for physical wellbeing agents.
Lastly, an agent’s role, whether as therapist, peer or
friend, can be reflected through titles (e.g. Dr.), technical
(or scientific) language (Biro, Linder, and Neyens 2023;
Niflen et al. 2022) and the framing of information
sources. Luce Lupetti et al. (2023) showed that when
agents explicitly referred to healthcare professionals at
a local hospital in their recommendations, they were
less likely to be described as competent by users. This
referencing behaviour may have cast the agent in a sub-
servient role to the referenced practitioners in the users’
perception and thus contributed to the understanding
of the agent’s persona.

Overall, this work builds on the previous research in
digital health to investigate whether agent persona can
impact not only user experience but also verification
behaviour, creating a new design space for trust and
reliance calibration study and safer LLM-based conver-
sational agents.

2.4. Cognitive load and health literacy

Health literacy (HL) is a key to empowering individuals
in managing their health. Low HL has been associated
with poorer health outcomes (Berkman et al. 2011;
Boren 2009), and worse utilisation of healthcare ser-
vices, including the ability to interpret health messages
(Berkman et al. 2011; Sorensen et al. 2012). Users with
lower HL are more likely to trust health information
from social media and blogs over medical websites or
doctors (Chen et al. 2018). In 2015, across eight member
states of the EU, 47% of the population had inadequate
HL (Serensen et al. 2015). Therefore, HCI researchers
must develop a deeper understanding of how HL inter-
acts with user behaviour to develop interventions which
can meet the needs of lower HL groups (Zhou et al.
2017) and improve health equity.

Cognitive load, a more commonly studied concept in
HCI (Hollender et al. 2010; Kosch et al. 2023), is a prob-
able mechanism by which HL can affect user experience.
HL is defined as ‘the degree to which individuals have the
ability to find, understand, and use information and ser-
vices to inform health-related decisions and actions for
themselves and others’.”> Given this emphasis on health
information processing ability, HL is well aligned with
cognitive load theory. Cognitive load theory posits
that working memory has limited capacity, and design
choices which do not account for this limitation may
overload working memory and compromise learning
(Sweller 1994, 2005). With lower health literacy, the
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need for cognition to process the same health messaging
is higher (Meppelink et al. 2016; Squiers et al. 2012). If
this need eclipses the available capacity, then infor-
mation is not processed (Lang 2000). Moreover, HCI
research indicates that trust judgements can be
impacted by cognitive load in decision-making tasks,
specifically suggesting that trust may be higher when
cognitive demand is low (Ahmad et al. 2019; Khawaji
et al. 2014; Zhou et al. 2017). These findings suggest
that health literacy may be a key understudied influence
on trust, reliance and verification behaviour in conver-
sational generative search use. Indeed, the findings of
Biro, Linder, and Neyens (2023) indicate that higher
HL users were more trusting of conversational agent
output. Therefore, in this work, we aim to untangle on
the potential moderating effect of health literacy on
user experience and behaviour in conversational agent
use.

3. Hypotheses

Based on the past work unpacked in Section 2, we can
see the potential for conversational agent persona and
conversational style to shape not only user experience,
but also user behaviour, and potentially verification
behaviour specifically. Though we can also anticipate
the effect of health literacy as understood through cog-
nitive load theory moderating this relationship. We
therefore break down our research question and formu-
late the following hypotheses.

H1 - Source-clicking Health messaging using techni-
cal (scientific) language was more effective and
more liked (Biro, Linder, and Neyens 2023; Ngai,
Singh, and Yao 2022), therefore, we expected
users would perceive it as more credible and be
more persuaded by the Scientific Persona. More-
over, we expected that users would be less motiv-
ated to verify its output. Indeed, since LLM
output research has shown that assertiveness
(Hosking, Blunsom, and Bartolo 2024; Kim et al.
2024; Metzger et al. 2024) can impact perceived
uncertainty, error rate and trust, we expected the
Scientific Persona to be perceived as confident
and highly certain, hence demotivating verification.
Thus we hypothesise that the Scientific Persona will
have a lower source click-through rate than the
Friendly Persona.

H2 - Reliance With reliance operationalised as agree-
ment rate (Mehrotra et al. 2024), and following
from the lack of verification behaviour previously
hypothesised, we expected that appropriate reliance
would suffer in the Scientific Persona. We therefore
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posit that the Scientific Persona will have a higher
agreement rate than the Friendly Persona.
H3 - Accuracy Following from the hypothesised lack
of appropriate reliance, we expected accuracy to
suffer in the Scientific Persona. We hypothesise
that the Scientific Persona will result in lower accu-
racy than the Friendly Persona.
H4 - Trust Trust, or perceived trustworthiness
(Schlicker et al. 2022), is here operationalised as
a multidimensional construct (Gulati, Sousa,
and Lamas 2019). However, much of the past
research did not delineate different dimensions
of trust, thus, it is difficult to translate findings
into the current hypothesis. Nonetheless, as
scientific communication style and technical
language use were more liked (Ngai, Singh, and
Yao 2022) and more effective (Biro, Linder, and
Neyens 2023) in past work, hence we expect the
Scientific persona will be perceived as more com-
petent and less risky. We also expect the increased
warmth of the Friendly persona will correlate
with increased perceived benevolence. We there-
fore posit that the Scientific Persona will correlate
with higher perceived competence, lower perceived
benevolence, and lower perceived risk than the
Friendly Persona.
H5 - Health Literacy Given the current state of the lit-
erature, multiple hypothesis directions are possible.
Despite a preference for peer and social media
information sources in the Low HL group (Chen
et al. 2018), and the negative correlation between
trust and cognitive load in HCI (Ahmad et al.
2019; Khawaji et al. 2014; Zhou et al. 2017), we
expected the effect of assertiveness (Hosking, Blun-
som, and Bartolo 2024; Kim et al. 2024; Metzger et
al. 2024) and technical language (Ngai, Singh, and
Yao 2022) would be dominant in the search inter-
action, driving higher persuasiveness and agree-
ment, thus demotivating verification, more so in
this group than the High HL group. We favoured
this direction, as the effects described in (Hosking,
Blunsom, and Bartolo 2024; Kim et al. 2024; Metz-
ger et al. 2024) were more specific to conversational
agents. Therefore, we hypothesise:
e H5.1: Lower HL will correspond to a stronger drop in
Source-Clicking.

e H5.2: Lower HL will correspond to a stronger rise in
Reliance.

e HS5.3: Lower HL will correspond to a stronger drop in
Accuracy.

e H5.4 Lower HL will correspond to a stronger rise in
perceived competence as well as a stronger drop in
perceived benevolence and perceived risk.

4, Materials and methods

To address our RQIl, we design a between-subject
crowdsourced study with 57 participants. Based on writ-
ing strategies and language features described in health
communication literature (Ngai, Singh, and Yao 2022;
Niflen et al. 2022), we created two simulated conversa-
tions labelled (1) Scientific and (2) Friendly. Participants
were randomly assigned to interact with one of the two
conversations. Participants relied on the simulated con-
versation to complete a search task on the topic of Coffee
Intake and Heart Health. The study lasted on average 17
min and 53s.

To assess whether our persona design was effective
and perceived as intended, a between-subject crowd-
sourced study was also conducted with 70 participants.
Here, the participants were also randomly assigned to
interact with one of the two simulated conversations
designed and asked to rate them on scientificness and
friendliness. The median task duration was 8 min, 25s.

4.1. Designing the stimuli

Two simulated conversations were created to ensure
participants in each group were exposed to identical
stimuli and to enhance the internal validity of this
work. The simulated responses were based on the
work of Ngai, Singh, and Yao (2022) and Niflen et al.
(2022) on online health information communication
and chatbot design. Therefore, the Scientific Persona
responses exhibited the following characteristics:
‘describing actions; quoting sentences from public
figures; attributing information to credible-sounding
sources; including medical experts, doctors/nurses, scien-
tific studies, and legal documents; using jargon, terminol-
ogy, and/or statistics (Ngai, Singh, and Yao 2022). On
the other hand, the Friendly Persona responses exhib-
ited: ‘first or second-person address form (e.g. we should
listen, you must act...); author visibility such as sharing
personal experiences and feelings; and use of informal
expressions (e.g. using sentence fragments, questions, con-
tractions, emojis, swear words) (Ngai, Singh, and Yao
2022). We also incorporated interpersonal closeness
cues from social role theory, so that the Friendly
(peer-like) Persona responses included emojis and
humour (Niflen et al. 2022). For example, in the
Friendly condition, the agent replies: ‘Although, how
you prepare your coffee also matters — filtered coffee is
generally less likely to mess up your cholesterol levels
than boiled or unfiltered coffee, it’s tastier tool’. In con-
trast, in the Scientific condition, ‘The impact varies by
individual and preparation method, with filtered coffee
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Lemon trees have been cultivated in the Mediterranean region since the 1st century CE. They were introduced
through trade routes, with their cultivation becoming more widespread during the Islamic Golden Age around the 7th
to 9th centuries. The warm, sunny climate of the Mediterranean proved ideal for their growth.

Read more

1. Taste of History (2021)

Yes, lemons are often crossed with other citrus fruits to create hybrids. Some common hybrids include: <ol>

<li>Meyer Lemon: A cross between a lemon

Figure 2. Screenshot of tutorial interface showing two turns between user and search agent. A chat messaging interface screenshot.
The agent message bubbles have an orange background with an icon showing the letter J. The conversation is about lemon agricul-

ture. A red button at the bottom says End of Conversation.

being less atherogenic than boiled coffee’. See Appendix 1
for the full text of the simulated conversations.

The conversations consisted of three turns, the aver-
age turn count in generative conversation interactions
(Zhao et al. 2024). The conversations were initially gen-
erated using a retrieval augmented generation architec-
ture (RAG) (Shuster et al. 2021) built on GPT4.0° by
OpenAl then edited to align more closely with the writ-
ing strategies described in the literature, as well as to
introduce factual errors into the responses. The conver-
sations aimed to simulate a realistic accuracy level for an
RAG agent in the health domain; thus we set the accu-
racy at 70% (Seidel et al. 2024; Wu et al. 2024) by intro-
ducing a factual error into one of the three turns. User
input was the same across all conversations, while the

agent’s responses varied in style but communicated
the same facts.

An interactive interface was built using HTML and
JavaScript to host the conversations and allow partici-
pants to engage with them. This interface can be seen
in Figure 3. To increase the sense of ownership over
the conversation and identification with the simulated
user, participants could ‘send’ input messages to the ‘Al
assistant’ via button-click. Responses from the simulated
agent appeared after a loading’ pause, with a typing ani-
mation to emulate live conversational agent interaction.
Each turn in the interface contained two source links: (1)
alink to a page emulating a scientific journal where (rel-
evant) snippets from a journal article were displayed, (2)
a link to a page emulating a popular media page where

OF UNTLLLENEU COTTEE, LL 5 LdSLLIer LOU! Kedu More dooul Ll LM LAE LLMKS.

C  Got more questions about coffee? &
Read more

1. Mendoza et al. (2023): Link
2. Heart Health Digital (2024): Link

Yes, why does coffee intake reduce hypertension? '

Great question! & So here’s the thing, some coffee intake might reduce high blood pressure
(hypertension) for a few reasons. One, it boosts enzyme activity which helps digest caffeine
and lower blood pressure. Plus, this ingredient in coffee called chlorogenic acid lowers
inflammation and oxidative stress, which also helps keep blood pressure in check. This is
especially true if you are one of those lucky people who can digest coffee quickly. Isn’t that

¢ cool?! Read more about it in the links.
Read more

1. Rodriguez-Artalejo (2018): Link

2. Heart Health Digital (2025): Link

Should I drink green tea over coffee? Or should I avoid all caffeine.

Figure 3. Screenshot of the simulated friendly persona conversation interface, showing one turn between user and search agent.
Another chat messaging interface screenshot. The agent message bubbles have a blue background with an icon showing the letter
C. The conversation is about coffee intake. A blue button at the bottom says: Should | drink green tea over coffee? Or should | avoid all

caffeine.
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(relevant) snippets from an online blog or article were
displayed (see Appendix 2). Both personas explicitly
referred to the links in the response (e.g. ‘Read more
about it in the links’) (Luce Lupetti et al. 2023). We
chose these sources to reduce noisy data caused by link-
ing to live webpages and because popular generative
search tools, when using links, also often provide a
diverse group of sources. During the manipulation
check, links and factual errors were removed, as they
were irrelevant to the participants’ task.

A ‘tutorial’ interface was also created to familiarise
the participant with the interaction and reduce the fric-
tion and novelty effect during the study task. This inter-
face functioned the same as the task interface but is
designed to look like a different agent, with a different
name, different colours, fonts, user avatars and (non-
healthcare-related) discussion topics (Figure 2).

4.2. Manipulation checks

To evaluate our stimuli, we designed a between-subjects
study. 70 participants were recruited via the crowdsour-
cing platform Prolific* and compensated at the rec-
ommended rate of 9 credits per hour. Participants
were screened on English language fluency, country of
residence (such that they were residents in the EU or
UK), whether they had used an AI chatbot before, and
task approval rating (> 95%).

Participants were randomly assigned to one of two
groups: the Scientific Persona Group or the Friendly
Persona Group. In each group, participants reviewed a
pre-generated conversation between a simulated user
and their assigned persona search agent. As an attention
check, participants were asked to summarise the con-
versation in a copy-paste-disabled text box (150-200
characters). Participants then scored the agent on two
11-point scales —~Informal-Scientific and Cold-Friendly.
Participants were also asked to select which role best
suited the presented agent: Health Expert, Friend, Jour-
nalist or Health Online Influencer.

4.3. Pilot

We conducted a small-scale offline pilot with five par-
ticipants. Based on this pilot, we acquired a more
grounded estimate of the study duration, assessed task
clarity, and resolved any technical issues with the survey
platform.

4.4. Participants

63 participants were recruited via the crowdsourcing
platform, Prolific. Six participants were removed from

the final dataset due to failed attention checks and/or
our inability to verify that their actions were logged cor-
rectly, resulting in 57 total participants included over
the course of July 2025. Participants were pre-screened
and excluded from the full study if they were too fam-
iliar with the search task topic (Coffee Intake and
Heart Health), had never used an Al chatbot before or
had participated in the intervention validation study.
Participants were also screened on English language
fluency, country of residence (such that they were resi-
dents in the EU or UK, in accordance with ethics board
recommendations), and task approval rating (> 95%).

4.5. Measures

We combine click-through behaviour, agreement and
self-reported user experience metrics to capture user
reliance behaviour and trust beliefs in generative con-
versational search. We also capture user decision-
reasoning via open-text questions.

4.5.1. Control variables

Attitude towards AI Measured using the 5-item ATAI
scale developed by Sindermann et al. (2021). The
ATAI uses an 11-point Likert scale to capture nega-
tive and positive dimensions of attitude towards Al,
which are here scored and analysed separately. Posi-
tive items include ‘Artificial intelligence will benefit
humankind while negative items include ‘I fear
artificial intelligence’. We capture participants’ atti-
tudes to understand the extent to which their pre-
existing beliefs about Al systems explain the var-
iance observed in our data, as compared to our
independent variables, and thus the extent to
which our interventions are impactful.

Health Literacy (HL) Measured by the (short) Euro-
pean Health Literacy Survey Questionnaire, a 16-
item survey (Pelikan and Ganahl 2017; Pelikan,
StrafSmayr, and Ganahl 2020). The EU-HLSQ16
uses a four-point scale per item from Very Easy
(4) to Very Difficult (1), with higher overall
score indicating higher health literacy. The scale
includes items such as ‘How easy would you say
it is to use information the doctor gives you to
make decisions about your illness?. We collected
health literacy to investigate its role as a possible
moderator in the relationship between agent per-
sona and reliance behaviour and trust beliefs. As
lower health literacy means a higher cognitive
load for users making trust judgements in health
information seeking contexts (Meppelink et al.
2016; Squiers et al. 2012; Sweller 1994), and



cognitive load moderates the appropriateness of
trust (Ahmad et al. 2019; Khawaji et al. 2014;
Zhou et al. 2017), understanding the role of
health literacy is then key to interpreting user—
agent interactions.

4.5.2. Dependent variables

Source-Clicking Recorded using logs and event track-
ers embedded into the simulated conversation inter-
face. We capture source-clicks as the mechanism
through which reliance behaviour and trust beliefs
may be intervened on, due to the connection between
appropriate reliance and source-clicking established
in past research, where increased cross-referencing
with source reduced overreliance on agents (Kim et
al. 2025). We capture this variable using two
measures labelled: (1) ‘LinksClicked’, which captures
unique links the user clicked on, and (2) ‘Sour-
cesChecked’, which captures times the user loaded
the source page. Therefore, a user could click on
any given link only once, but could load the same
source page multiple times by navigating back and
forth between the search window and source page.

Reliance Operationalised and measured as the rate of
agreement with the simulated conversation (Meh-
rotra et al. 2024). Participants may over-rely on
the system when they agree with an incorrect
response, and under-rely when they disagree with
a correct one. Three true-or-false questions, one
per conversational turn, are designed based on the
task topic to capture reliance. Questions were writ-
ten to be of a similar difficulty level. Questions can
be seen in Appendix 3.

Accuracy Operationalised and measured as the rate of
correct responses to the aforementioned three true-
or-false questions (Appendix 3) posed post infor-
mation exposure (Mehrotra et al. 2024).

Trust or Perceived Trustworthiness (Schlicker et al.
2022). Perceived Trustworthiness is measured
using the 12-item 5-point Likert scale developed
by Gulati, Sousa, and Lamas (2019), which cap-
tures trust along four dimensions: perceived bene-
volence, competence, risk and trust, using three
items per dimension. For example, in benevolence,
‘I believe that [the agent] will act in my best inter-
est’. Items for all dimensions except risk are posi-
tively framed, with higher scores indicating
higher overall trust. We expand on past work
into uncertainty communication and reliance
behaviour (Kim et al. 2024, 2025) by also investi-
gating trust beliefs in conversational search. Thus
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we can uncover implications for future trust cali-
bration research.

Search Satisfaction Measured by a single item 11-
point scale: ‘Rate your satisfaction with this Al-
assisted search session’. Satisfaction is a popular
metric for assessing the usability of information
retrieval tools (Liu et al. 2018). Though not directly
related to our RQ, we use it here to understand
potential future design implications of our interven-
tions.

4.6. Tasks

Participants completed one search task on the topic of
Coffee Intake and Heart Health, relying on a simulated
conversation with linked website sources for infor-
mation. After reviewing the conversation and possibly
the sources, the participants answered three true-or-
false questions, one for each conversational turn. The
search task was untimed to allow the users to read the
conversation at their pace and explore the linked
sources in the responses.

We chose the topic of Coffee and Heart Health, as the
topic of nutrition is of interest to many people (Vrabi¢
DeZzman 2024), and coffee intake is a common habit
(Mendoza et al. 2023), yet nutrition topics can be misin-
formation-laden (Colditz, Woods, and Primack 2018;
Denniss, Lindberg, and McNaughton 2023). Therefore,
we believed it would be an engaging subject for partici-
pants, but sufficiently arcane such that they would not
know the answers to the questions on the topic before
the study.

4.7. Procedure

4.7.1. Research design

We designed a between-subjects repeated measures
study where participants were randomly assigned to
one of two groups: Scientific Persona Group or Friendly
Persona Group, as illustrated in Figure 4. Participants
were recruited via the crowdsourcing platform Prolific’
and compensated at the recommended rate of 9 credits
per hour. After consenting to participation in the study,
participants filled in a series of survey questions on their
(1) Attitude Towards Al (2) their Experience with, and
Expectations of, Chatbots, and (3) their Knowledge of
the Task Topic, as well as general Health Literacy. Par-
ticipants interacted with a tutorial example interface on
a non-health-related topic to familiarise themselves with
the system before the search task. In each group, partici-
pants reviewed a pre-generated conversation between a
simulated user and their assigned persona search agent.



10 (&) S.DEGACHIETAL.

PROCEDURE

~

Turn1-
Factually
Incorrect

Turn 1 -
Factually
Correct

PRE-TASK

Turn 1 -
Factually
Correct

1. Attitude Towards Al

SCIENTIFIC

Turn 2 -

Factually

Correct

Turn2-

Factually
Incorrect

Turn2-

Factually

Correct

Turn 3 -
Factually
Correct

Turn3-
Factually
Correct

POST-TASK

Turn3 -
Factually
Incorrect

J

Realiance 1. Search Satisfaction

Training
Example

Randomised
‘Assignment

2. Experience with Chat
3. Health Literacy

Turn1-
Factually
Incorrect

Turn 1 -
Factually
Correct

Turn 1 -
Factually
Correct

FRIENDLY

Turn 2 -

Factually

Correct

Turn 2 -

Factually
Incorrect

Turn 2 -

Factually

Correct

2. Trust
3. Reflection

¥
Accruacy

Turn3-
Factually
Correct

Turn 3 -

Factually
Correct

Turn3 -
Factually
Incorrect

Figure 4. Flowchart capturing study procedure workflow. A flowchart captures the study procedure workflow. The pre-task phase
collects data on participants’ attitudes towards Al, experience with chat systems, and health literacy. The procedure phase randomly
assigns users into one of two conditions: (1) scientific or (2) friendly persona, each with three turns where LLM output is either correct
or incorrect. The post-task phase measures search satisfaction, trust and reflection.

They did so by clicking a button to input the pre-deter-
mined user message into a chat and reading the agent
response, at each turn, for three turns, where one turn
contained a factually inaccurate statement. In contrast,
the two source links contained accurate information.
As an attention check, participants were asked to sum-
marise the conversation reviewed in 150-200 charac-
ters. After summarising the conversation, users
answered three true-or-false questions and explained
their answers. To introduce a sense of risk necessary
for trust formation (Mehrotra et al. 2024), participants
were informed that they would receive a bonus payment
of 0.03 credits per True or False question answered cor-
rectly. Next, they were asked to rate and explain their
search satisfaction and trust in the agent. Lastly, they
were asked to reflect on their source-clicking behaviour
in past conversational search. The order of factual inac-
curacies’ appearance in the conversation was counterba-
lanced such that participants may experience it in the
first, second or third turn.

This procedure was approved by the Human
Research Ethics Committee at Delft University of Tech-
nology and pre-registered on Open Science Framework
at: 10.17605/OSF.IO/D36EG.

4.7.2. Data analysis

For the collected quantitative data, we first performed
Shapiro-Wilk tests to estimate the distribution of our
data. For normally distributed variables (i.e. Trust), we
used t-tests and linear regression to investigate related
hypotheses. For non-normal count variables (i.e.
Source-Clicking), we used log-linear (or Poisson)
regression analysis. Poisson regression is well suited for

count variables such as the number of visits (Coxe,
West, and Aiken 2009; Hutchinson and Holtman 2005;
Imrey 2000). Meanwhile, for proportion variables (i.e.
Reliance, Accuracy), we used Mann-Whitney tests and
binomial logistic regression as these methods were best
suited for proportions (Bewick, Cheek, and Ball 2005;
Harrell 2015; Laerd Statistics 2018). All statistical analyses
were performed using JASP (JASP Team 2025).
Qualitative data, such as user reasoning, collected
through open-text questions, were analysed through a
combination of content (Downe-Wamboldt 1992; Har-
wood and Garry 2003) and thematic analysis (Braun and
Clarke 2021; Clarke and Braun 2013), supplemented
with natural language processing (NLP) models. Guetter-
man et al. (2018) demonstrated that NLP methods can
facilitate the analysis of qualitative data, resulting in faster
theme discovery and more comprehensive results. We
used SentenceBERT models® and semi-supervised (con-
strained) K-means clustering7 to group user responses
into the maximum number of clusters possible while main-
taining a cluster size of more than three items. Given our
use of NLP tools, our thematic analysis approach then
combined inductive and deductive approaches to the
data. The first author performed selective coding, code
group generation and theme generation. The main
researchers were involved in theme review and refinement.
Statement of Positionality: The lead researcher on this
work is situated within the field of human-computer
trust and trust calibration, aiming to forward a more
nuanced understanding of trust. Further, the authors
of this work are embedded in the domain of LLM adop-
tion and acceptance. These perspectives naturally colour
our orientation towards our participants and our data.
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Figure 5. Box plot comparing the two personas on the cold-
friendly scale. A boxplot comparing perceived friendliness by
persona. The Friendly persona has a higher mean perceived
friendliness and a tighter distribution of values.

5. Results
5.1. Manipulation checks

35 participants were randomly assigned to each con-
dition. Initially, Mann-Whitney U analysis showed
that while perceived Friendliness was significantly
greater in the Friendly persona (U=971, p<0.001),
perceived Scientificness was only slightly greater in the
Scientific persona (U=492.5, p=0.211). Therefore, the
simulated conversations were reworked to introduce
more statistical figures into the Scientific responses,
while reducing medical jargon and introducing humour
into the Friendly responses (Nifden et al. 2022). The per-
sonas were then retested using the same procedure with
an additional 70 participants (who had not participated
in the previous test). Mann-Whitney U analysis showed
that perceived friendliness was significantly higher in
the Friendly persona (U = 380, p = 0.006), and perceived
scientificness was significantly higher in the Scientific
persona (U=322.5, p<0.001). Thus the stimuli were
determined to be valid and reliable. Figures 6 and 5
illustrate these distributions.

Further exploratory analysis using Pearson’s Chi-
Square shows a significant association between the
designed stimuli and selected agent role (y = 15.847,
p=0.001, V=0.429). For example, participants
labelled the Scientific persona as a Health Expert in 28
out of 42 instances, compared to only 11 out of 44
for the Friendly persona. Similarly, participants
labelled the Friendly persona as a Health Online Influen-
cer in 21 instances, compared to 7 for the Scientific
persona.
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Figure 6. Box plot comparing the two personas on the informal-
scientific scale. A boxplot comparing perceived scientificness by
persona. The Scientific persona has a higher mean perceived
scientificness and a tighter distribution of values.

5.2. Hypothesis testing

We first describe the sample characteristics in our study.
Next, we study the effect of persona on source-clicking
behaviour, reliance, accuracy, trust and satisfaction
while examining the moderating effect of health literacy
(HL) on these relationships. Lastly, we report on user
reasoning on True or False questions and their reflec-
tions on trust and verification behaviour.

After testing for normality, the collected control and
dependent variable groups were also tested for multicol-
linearity. No significant correlations between indepen-
dent variables in the dependent group (e.g. the
different dimensions of trust were correlated, but trust
and reliance were not). However, Pearson’s r testing
did show a significant, but weak, positive correlation
between the acceptance of Al and HL variables in the
control group (p = 0.264, p = 0.047), see Figure 7,
and thus regression analysis could proceed as planned
(Shrestha 2020).

5.2.1. Sample characteristics

Our sample characteristic distribution can be seen in
Table 1. Based on the HL groupings described by
Mekhail et al. (2022), our sample included 22 partici-
pants in the High HL group, 18 in the Middle HL
group and 17 in the Low HL group.

5.2.2. Effect on source-clicking behaviour

Of 57 participants, 38 (66.7%) did not click on any link.
The median frequency of source page checking was also
0. With four participants using source pages more than
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Figure 7. Heatmap showing correlations within the control vari-
ables group. Heatmap showing correlations within study control
variables. Acceptance of Al and Health Literacy have a weak
positive correlation (0.264). Colour (blue-red) is used to indicate
the direction of the correlation.

20 times, the mean frequency of source checking was
3.561 with an SD =7.646. To test H1 and H5.1, we per-
form general linear regression assuming a Poisson dis-
tribution, on ‘LinksClicked’ and ‘SourcesChecked’.
The overall regression models were significantly
predictive of (1) LinksClicked with df =39, X* =
75.474,p < .001 and (2) SourcesChecked with
df = 39, X* = 279.959, p < .001. Persona alone was
not a significant predictor of LinksClicked, but did
predict SourcesChecked (B8 = —71.188,z = —2.711,
p =0.007). This indicates that users checked the
source pages more often in the ‘Friendly’ condition,

Table 1. Participant characteristics.

Characteristic n %
Gender
Other 1 1.8%
Female 18 31.59%
Male 38 66.67%
Age
18-24 4 7.02%
25-34 22 38.60%
35-44 10 17.54%
45-54 14 24.56%
55-64 6 10.53%
65+ 1 1.8%
Education
High School Graduate 18 31.59%
Some Higher Education 4 7.02%
2-year Degree 3 5.26%
4-year Degree 23 40.35%
Post-Graduate Degree 9 15.79%
Conversational Agent Use
Daily 15 26.32%
3-5 Times a Week 20 35.09%
Weekly 10 17.54%
Less than Once a Week 12 21.05%

Table 2. General linear regression model coefficients for
LinksClicked.

Standard
Estimate Error z p
(Intercept) —1.246 2.309 —0.540  0.590
HL (Mid) 8.301 3.139 2.645 0.008
Attitude (Acceptance) 5314 2.658 2.000 0.046
Attitude (Fear) —7.629 2.825 —2.701  0.007

Persona (Scientific) * HL 56.956 28.683 1.986 0.047
(Low)
Persona (Scientific) * 32.677 16.261 2.010 0.044

Attitude (Fear)

HL (Mid) * Attitude —12.829 3.706 —3.462 < .001
(Acceptance)

Persona (Scientific) * HL —39.911 18.490 —2.158  0.031
(Low) * Attitude (Fear)

Persona (Scientific) * HL —40.612 17377 —2.337 0.019

(Mid) * Attitude (Fear)

and thus H1 partially holds. Moreover, the results
showed significant two-way and three-way interactions
between persona design, HL and attitude towards AL
Tables 2 and 3 list the significant coeflicients in these
regressions. Figures 8 and 9 show that while the par-
ticipants in the Low HL group did click on links less
often than the High HL group in the Friendly con-
dition, the reverse was true in the Scientific condition.
Thus H5.1 partially holds.

5.2.3. Effect on reliance behaviour and trust beliefs

Mann-Whitney independent means comparison tests
on H2 and H3, along with Binomial Logistic regression
for H5.2 and H5.3. Testing did not indicate that
Reliance was significantly higher, nor Accuracy signifi-
cantly lower, in the Scientific Persona. Moreover, this

Table 3. General linear regression model coefficients for
SourcesChecked.

Standard
Estimate Error z p
(Intercept) —0.465 1.645 —0.282 0.778
Persona (Scientific) —71.188 26.257 —2.711  0.007
HL (Mid) 4410 1.976 2.232 0.026
Attitude (Acceptance) 7.272 1.917 3.793 <.001
Attitude (Fear) —-11.917 2.018 —5.904 <.001
Persona (Scientific) * HL (Low)  82.029 26.772 3.064 0.002
Persona (Scientific) * HL (Mid)  85.577 26.424 3.239  0.001
Persona (Scientific) * Attitude 52.365 15.618 3353  <.001
(Fear)
Persona (Scientific) * Attitude 65.098 25.694 2534 0.011
(Acceptance)
HL (Mid) * Attitude —9.190 2.262 —4.064 <.001
(Acceptance)
HL (Low) * Attitude (Fear) 18.335 4.283 4.281 <.001
HL (Mid) * Attitude (Fear) 9.032 2.278 3.966  <.001
Persona (Scientific) * HL (Low) —78.189 26.332 —2.969 0.003
* Attitude (Acceptance)
Persona (Scientific) * HL (Mid) —77.379 25.829 —2.996 0.003
* Attitude (Acceptance)
Persona (Scientific) * HL (Low) —59.938 16.121 —3.718 <.001
* Attitude (Fear)
Persona (Scientific) * HL (Mid) —69.291 16.155 —4.289 <.001

* Attitude (Fear)
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Figure 8. Box plot comparing LinkedClicked by persona and
health literacy group. Box plot comparing the number of links
clicked by persona and health literacy group. For both the
Friendly and Scientific interfaces, the Mid HL group clicks links
most often. The Low HL group clicks on links more frequently
in the Scientific persona condition.

testing did not reveal any significant two-way or three-
way interactions of our control variables on reliance or
accuracy. Therefore, H2, H3, H5.2 and H5.3 were not
supported.

Independent means ¢-test comparison also revealed
no significant difference in any trust dimension by Per-
sona alone. Hence, H4 was also not supported. In an
exploratory one sample Wilcoxon signed-rank-test
(since trust dimensions were non-normal when not
split by Persona), perceived competence (Mp = 11.45,
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Figure 9. Box plot comparing SourcesChecked by persona and
health literacy. Box plot comparing the number of sources
checked by persona and health literacy group. For both the
Friendly and Scientific interfaces, the Mid HL group checks the
source pages most frequently. The Low HL group checks the
source pages more frequently in the Scientific persona
condition.
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Table 4. Linear regression model coefficients for perceived risk.

Standard
Unstandardised Error t p

(Intercept) 1.665 3.285 0.507 0.615
Attitude (Acceptance) 8.767 3.251 2,697 0.010
Persona (Scientific) * HL —25.760 11.174 —2.305 0.027

(Low)
Persona (Scientific) * —21.926 9.933 —2.207 0.033

Attitude (Acceptance)
Persona (Scientific) * HL 24.428 11.835 2.064 0.046

(Low) * Attitude
(Acceptance)

Mg = 11.39), benevolence (Mp = 10.10, Mg = 10.64)
and trust (Mp = 9.59, Mg = 9.93) were significantly
greater than the neutral point of 9 (Vioy = 1424.50,
Peomp < 0.001, Vi = 1154.50, ppey, < 0.001, Vi =
820.50, pyyust = 0.008), while perceived risk (Mp =
8.45, Mg =17.89) was significantly lower (Vi
= 85.00, p,ix < 0.001), indicating uniformly high trust
in both personas.

Nonetheless, when testing H5.4, the linear regression
model was significantly predictive of perceived risk
(R? = 0.514, RMSE = 2.017, F(17, 39) = 2.45,

p = 0.011) and indicated several significant two-way and
three-way interaction effects on Persona. Further, a sig-
nificant main effect of Acceptance of Al can be observed
(t=2.697, p=0.010). See Table 4 for all significant inter-
factions. Figure 10 shows that the Medium HL group per-
ceived lower risk in the Scientific Persona
(Mp =9.17, Mg = 7.67), while the Low HL group
showed the opposite (Mg = 8.14, Mg = 9.10). The
High HL group showed the lowest perceived risk regard-
less of persona (My = 7.80, Mg = 7.00). Trust, perceived
competence and perceived benevolence, the remaining

Perceived Risk by Interface by Health Literacy Group
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Figure 10. Box plot comparing perceived risk by persona by
health literacy group. Box plot comparing perceived risk by per-
sona and HL group. For the Friendly interface, the Mid HL group
has the highest mean perceived risk. For the Scientific interface,
the Low HL group has the highest mean perceived risk.
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Satisfaction by Interface by Health Literacy Group
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Figure 11. Box plot comparing satisfaction by persona and
health literacy. A boxplot comparing satisfaction by persona
and HL group. The High- and Mid HL groups have slightly higher
mean satisfaction with the agent than the Low HL group.

dimensions of trust, did not show a significant regression.
Thus H5.4 is not supported, as the direction of the
effect on perceived risk is reversed.

5.2.4. Effect on satisfaction

Mann-Whitney and ANCOVA analyses showed no sig-
nificant effect of Persona on Satisfaction, nor any signifi-
cant interaction effects from health literacy or attitude
towards AL The mean Satisfaction was 7.79 in the
Friendly group and 7.57 in the Scientific group. Figure
11 illustrates this distribution by persona and health lit-
eracy group.

Reasoning Label Distribution

120

@
3

Frequency
a
3

chatbot-says link-says hesitant personal-experience
Reasoning Label

informative

Figure 12. Bar plot illustrating frequency of reasoning given for
reliance. Bar plot illustrating the frequency of reasoning given
for reliance. The informative category has the highest frequency
with more than 100 instances, followed by chatbot-says (40+),
link-says (<20), hesitant and personal experience.

5.3. User reasoning and reflection

5.3.1. Reasoning

The reasoning behind user responses provided by par-
ticipants was tagged with one of five, mutually exclu-
sive, labels using content analysis. Figure 12 shows
that the most frequent method of justification was
quoting facts about the topic as supporting evidence
with no attribution (here labelled as information), fol-
lowed by referring to the chatbot as an authority on the
topic.

Interestingly, some reasoning revealed that even
when the chatbot provided participants with the correct
answer, participants sometimes made deduction errors
that led to them ultimately selecting the incorrect
response, e.g. ‘The Al answer specified headache and
[fatigue] as symptoms, but these could cause dizziness,
so I marked [it] as true’. The reverse is also true, such
that users inadvertently provided the correct answer,
even when relying only on the incorrect chatbot ‘any-
thing over 600 mg is considered to increase the risk of
heart disease and risk of high blood pressure, so 500 mg
is near that, so I said true’.

5.3.2. Reflections on trust and verification

behaviour

To enable semi-supervised learning, a subset (36.84%)
of the reflections on trust provided was tagged with
one of six labels that represent a key theme: confir-
mation-bias, uses-sources, too-friendly, distrust, reliable,
inaccessible. The remainder of the dataset was left
unlabelled. This dataset was then used with Sentence-
BERT embedding and semi-supervised clustering to
create five clusters, which were labelled with a theme,
as seen below.

e Reflection on Coda’s Informativeness (Cluster 0): In
this theme, participants attributed their satisfaction
with the agent to its comprehensiveness, clarity and
relevance. Nonetheless, some participants found the
agent to be lacking in ‘intelligence’ beyond its infor-
mativeness and were less satisfied.

e Largely Satisfied but Cautious in Digital Health
(Cluster 1): Here, participants expressed a high
level of trust in the agent, but also some reservations.
These reservations were related to the high-risk
nature of the digital health context or the users’ rela-
tive inexperience in the topic.

e Reflection on Coda’s Friendliness (Cluster 2): Partici-
pants were in two minds concerning the agent’s
friendliness; some found the informality off-putting
and inappropriate, while others found it human-
like and ‘nice’.



e Reflections on Coda as an Al agent (Cluster 3): In this
theme, participants relate their trust and distrust of
our agent to their thoughts on Al tools in general.
This theme highlights how expectations of, and
experience with, AI tools colour interactions with
new tools, as one user states: ‘I was satisfied with
Coda because it did what I expect an Al assistant to
be capable of. I did not trust it 100%, because you
should never do that. Al (wrongly) think they’re
always 100% correct’.

e Reflections on Verification Behaviour (Cluster 4):
Participants highlighted multiple modes of inter-
action with the linked sources. In some cases, they
trust the agent because information in the links or
independent sources confirms its response. However,
other participants found the inclusion of sources to
improve their trust even without utilising them, as
one participant mentioned, ‘Yes, I was satisfied
since it also pasted source links, however, I did not
double check it. I would have to double check it to
feel completely satisfied’.

Further thematic analysis resulted in the production
of 37 codes, including the initial six labels. The most
commonly used codes were: satisfaction (N =23),
source-use (N=22) and trust (N=21). From those
codes, two additional themes were derived, namely:

e The Effect of Confirmation Bias: These reflections
show how aligning with user pre-conceived notions
of health issues engenders higher trust, even without
verification; ‘there is no reason for me not to trust
Coda. The information I already knew matched with
the information provided by it.

o Reflections on Inaccessibility: In this theme, some
participants discuss having difficulty understanding
the agent due to the increased complexity in the
Scientific persona, and therefore having difficulty
making accurate trust judgments.

The reflections on verification behaviour were simi-
larly treated, with 38.6% of responses tagged with one
of four labels: always, in-the-past-not-now, never, now-
not-always. The resulting five clusters were labelled
with a theme as seen below.

o Reflections on the Purpose of Sources (Cluster 0): In
this theme, users stated that they were most likely to
interact with a link if they were interested in diving
deeper into a specific topic.

» Difficulties Interacting with Links in Study Con-
ditions (Cluster 1): Here, participants highlighted
some issues that arose from the crowdsourced and
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online nature of the study that interfered with link
interaction, such as moving between tabs or technical
issues.

e Always/Never, Rules for Engaging with Links (Clus-
ter 2): This cluster groups participants who estab-
lished some extreme guidelines for their
interactions with links in chatbots. Participants
described themselves as either never interacting
with links or always utilising them. One participant
says: ‘Yes, I always try and do a cursory search
about the information presented to me, it pays to not
blindly trust Al as it can hallucinate answers’.

e In-Task vs Past Behaviour (Cluster 3): In this theme,
users reflected on their use of links in the task and in
the past. In some cases, users felt they often used links
in the past, but didn’t need to do so for this task. In
others, they felt they checked links more often in
the task than they normally would, one participant
says: ‘I rarely go to the source links when using Al
chat functions, I prefer instead to rely on the summary
answers. In this instance, though, I did view some of
the links to read more details’.

e Cluster 4: Items in cluster four did not result in a new
theme, as they could be described using the previous
four themes. For example, one user states ‘No, I
didn’t. To be honest, I used Al tools for quick responses
and convenience-unless I was doing really deep
research, I don’t think I could be bothered to use the
links’, which falls under the established theme of
‘Reflections on the Purpose of Sources’.

Further thematic analysis resulted in the production
of 34 codes, including the initial four labels. The most
commonly used codes were: in-the-past-not-now (N =
16), never (N=13) and info-verification (N =13).
From these codes, an additional theme was derived,
namely:

¢ Reluctance to Navigate Away from the Agent: This
theme complements participant reflections on the
purpose of links by surfacing their prescriptive pur-
pose of conversational agents. Specifically, many par-
ticipants expect these agents to be their sole source of
information. As one user stated: ‘I've never used links
included in a[n] AI chat session. The reason I use an
AI chatbot is to get information in one place. If I
wanted to go to differ[ent] webpage, I'd use Google’.

Moreover, this analysis revealed two additional pur-
poses for source-clicking according to participants:
information verification and source tracing. These pur-
poses align with the initial assumption of this study,
showing that participants are indeed interested in
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using links to verify information correctness and source
trustworthiness.

6. Discussion

This research aimed to answer the research question
What effect does agent persona have on the appropriate-
ness of user reliance on, and trust in, generative health
conversational search? and the sub-question (a): What
effect does health literacy have on the relationship
above? Our results revealed:

e Direct effects on the underlying mechanism
through which we aimed to affect reliance and
trust; verification behaviour.

e Two- and three-way interaction effects of persona
design, health literacy and attitude towards Al on
verification behaviour.

e Two- and three-way interaction effects of persona
design, health literacy and attitude towards AI on
perceived risk.

» No difference in search satisfaction by persona.

Nonetheless, questions about reliance, accuracy and
other dimensions of trust in relation to persona and
HL remain open.

6.1. Promising directions: persona design for
verification behaviour

By partially supporting H1, our results indicate that
conversational agent persona design is a promising
approach to increasing user verification behaviour with-
out compromising user satisfaction. In this study, we
can observe the significant change in source-clicking
elements such as source page views and, when account-
ing for HL, link clicks as the search agent persona is var-
ied. Therefore, this study contributes to a growing body
of evidence (Biro, Linder, and Neyens 2023; NifSen et al.
2022) on the importance of intentional persona design
in the digital health domain. We further underscore
the importance of accounting for the target user group’s
HL in verification behaviour research and conversa-
tional search design.

Indeed, while our hypothesis (H1) was true for the
High HL group, the reverse was the case for the Low
HL group. The Low HL group clicked on links more
often in the Scientific Persona, not the Friendly Persona.
Several explanations for this observation are possible.
First, the High HL group may have been more
influenced by the perceived formality or authority of
the persona than the Low HL group. As previous
research (Hosking, Blunsom, and Bartolo 2024; Kim et

al. 2024; Metzger et al. 2024) shows, LLM output asser-
tiveness can impact perceived uncertainty, error rate
and trust; this aspect of the Scientific Persona may
have unexpectedly been perceived more acutely in the
higher HL group with their existing higher levels of
trust in medical institutions and experts (Chen et al.
2018). Second, the Low HL group may have struggled
with understanding the response more in the Scientific
persona condition than the HL group, and thus was
more motivated to investigate the topic further. User
reflection on their experience with the agent indeed
suggests that some found the Scientific agent inaccess-
ible. This explanation aligns with past HCI research
(Ahmad et al. 2019; Khawaji et al. 2014; Zhou et al.
2017) connecting higher cognitive load to decreased
trust, though trust ratings here were unchanged, it
seems verification behaviour was. These observations
give rise to an interesting tension between system acces-
sibility and safety (as driven by verification) as design
goals.

Opverall, these findings suggest that agents’ personas
can be dynamically varied throughout the interaction
to reflect system confidence and encourage appropriate
verification. With the Low HL target group in mind,
designers and developers can create warmer, informal
responses when system confidence is high and colder,
scientific responses when confidence is low. Of course,
these aspects of information presentation must be
balanced with other design considerations, such as
accessibility, persona consistency (Medhi Thies et al.
2017; Smestad and Volden 2018) and system effective-
ness (Biro, Linder, and Neyens 2023).

6.2. Lost in translation? capturing reliance and
accuracy in complex tasks

While previous research (Kim et al. 2025) found appro-
priate reliance and accuracy improved with increased
source-clicking, we did not see a similar effect in this
work. One explanation for this observation is the com-
plexity of the task in this study. Previous decision-mak-
ing studies have used more binary, clear-cut, question-
answering tasks such as ‘Is it illegal to collect rainwater
in Colorado? and ‘Do more than two-thirds of South
America’s population live in Brazil?, while we tasked
users with information retrieval and comprehension
from a more fact-dense, medical response emulating
real-world health information communication. In fact,
we can see from the reasoning participants gave in the
study that even when exposed to correct information,
users still made deduction errors that resulted in incor-
rect answers and vice versa.



These findings suggest we may need to rethink how
reliance and accuracy are captured in digital health
research. In this work, qualitative user reflections
offered an explanation for user reliance rates as well as
valuable insight into agent utilisation, with far fewer
users referring to the links in their response reasoning
than the conversational agent. Therefore, a mixed-
method approach with increased focus on qualitative
insights may best serve future work. HCI research has
increasingly adopted mixed-method approaches as a
representation of the multidisciplinary nature of the
field, and frameworks are emerging to support research-
ers’ understanding of the trade-offs in different method-
ology combinations within this approach (van
Turnhout et al. 2014). Likewise, health research has
also begun to address the complexity of healthcare
inquiry through the use of mixed methods (O’Cathain,
Murphy, and Nicholl 2007; Rana and Chimoriya
2025). This work offers support for the use of mixed-
method approaches to build a more complete picture
of the user experience within conversational search,
and may be enhanced in the future by the inclusion of
conversational log data and think-aloud methods.

6.3. Inaccurate risk assessment: perceived risk
and over-trust

The uncovered moderating effect of HL on the relation-
ship between persona and perceived risk, along with the
weak correlation between HL and acceptance of Al,
further highlights the importance of understanding
the target group’s literacy levels when designing digital
health systems. The lower perceived risk in the High
HL group was unexpected, given this group’s preference
for information from medical experts (Chen et al. 2018),
but could be explained by the higher acceptance of Al
Other research has observed a similar trend, where
users with higher health literacy were significantly
more likely to trust an educational healthcare chatbot
(Biro, Linder, and Neyens 2023). The Low HL group
reporting higher perceived risk in the Scientific persona
condition reversed our H5.4, also revealing an unex-
pected finding. It is possible this group found the search
agent to be riskier due to its complexity and inaccessi-
bility, which then drove higher verification. Similar to
Luce Lupetti et al. (2023), reflecting on our results also
suggests that limiting user trust, or at least increasing
perceived risk, in conversational agents may be more
beneficial for creating safer and more verifiable digital
health tools.

Exploratory analysis of trust dimensions in this work
showed a uniformly high trust in our conversational
search agent. We can term this inappropriate trust
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(Mehrotra et al. 2024), i.e. trust which is out of sync
with actual agent trustworthiness, or more specifically,
over-trust, since the agent communicated factual errors.
Future work may therefore need to focus on design for
the mitigation of over-trust in digital health conversa-
tional agents. Past research has already observed
instances of over-trust and over-reliance in LLM output
in other domains (Kim et al. 2025; Lajewska et al. 2024;
Eleni Spatharioti et al. 2023). In the healthcare setting,
evaluation of LLM-based conversational agents has
shown that the errors which agents make in responding
to health inquiries may render reliance on them risky
and harmful to end users (Howard, Hope, and Gerada
2023; Shiferaw et al. 2024). User reflection in this
study and other work on LLM search outputs (Naraya-
nan Venkit et al. 2025) also showed that for many users,
the inclusion of links increased trust without motivating
link-use, with link credibility being assumed. Thus
reducing verification friction may be the only way to
enable accurate trust judgments. It may be most effec-
tive for designers to further reduce the friction in link
use by including snippets, images and more attention-
grabbing links. Indeed, Narayanan Venkit et al.
(2025)’s interviews suggest that for some participants,
including hover-over snippets increased the usability
of sources, uncovering a potentially impactful novel
design direction.

7. Limitations

Several limitations arose in this study. First, though we
aimed to introduce the sense of risk necessary for trust
formation through the use of bonus payments for cor-
rect responses, this addition may still be insufficient to
motivate realistic engagement with the system. Crowd-
source workers can often be busy, possibly compromis-
ing data quality (Ikeda and Hoashi 2017); however, this
is a trait that workers share with some health infor-
mation seekers too, such as young parents. Therefore,
we can still interpret our results through that lens.
Moreover, crowdsource workers are likely more digi-
tally literate than the average user, which may colour
their opinions about AI tools. Of course, the adoption
of AI tools has been a popular media discussion topic
in recent years (Vrabi¢ Dezman 2024; W. Wang,
Downey, and Yang 2023) and thus even digitally inex-
perienced users are likely to have been exposed to
some information on the topic. Our smaller sample
size may additionally hinder the generalisability of our
findings in relation to trust, which is not repeatedly
measured unlike source-clicking and reliance. Lastly,
we acknowledge that it is difficult to capture trust
beyond perceived trustworthiness in these short-term
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online studies. Trust building is a long process with
many points for feedback, calibration and repair (Hoft
and Bashir 2015); however, logistical constraints make
the longitudinal observation of trust formation difficult.
In a similar vein, we can see that attitude towards Al
shows significant two-way and three-way interactions
with health literacy and persona design. This aspect of
user attitude may be overly influential in the first inter-
actions with a new tool, as they have not yet had the his-
tory of interaction needed to calibrate their trust in the
new tool specifically. Nonetheless, we hope these results
offer initial insights into trust and perceived trust-
worthiness in health information conversational search
agents.

8. Future work

As mentioned in our discussion, this work further
emphasises the necessity of studying over-trust in gen-
erative conversational search, specifically in the digital
health domain. Future work should aim to not only
mitigate over-trust but also understand the antecedents
of user reliance behaviour and trust beliefs. Addition-
ally, future work may build on this study to investigate
how friction in verification behaviour can be reduced
through response and link design. Some promising
design directions are discussed here, such as hover-
over snippets, but much room for exploratory research
remains. Lastly, the domain of trust and reliance in con-
versational search would benefit from more longitudi-
nal, in-the-field studies, to allow us to understand the
evolution of these behaviours and beliefs over time
and potentially uncover interaction points where trust
calibration is most effective.

9. Conclusion

In this paper, we aimed to reduce the possible harms
arising from the generative conversation search’s poten-
tial to disseminate inaccurate or incomplete infor-
mation through trust and reliance calibration. We
used source-clicking as the mechanism through which
to impact reliance behaviour and trust beliefs. We
explored the design of search agent personas to increase
source click-through behaviour and hopefully improve
appropriate reliance and trust, while also investigating
the moderating effects of health literacy. Our results
show that persona design is a promising direction for
influencing source-clicking, and that health literacy
interacts with persona design to affect verification
behaviour and perceived risk. Based on these results,
we discussed potential design directions for

conversational search agents, as well as future research
directions in the fields of trust and reliance in HCI.

Notes

1. blogs.bing.com/search-quality-insights/february-2023/
Building-the-New-Bing - last access March 11, 2026.
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access March 11, 2026. cloud.google.com/blog/
products/ai-machine-learning/vertex-ai-io-
announcements — last access March 11, 2026.
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Appendices

Appendix 1. Simulated conversations

The two simulated task conversations are shown here. Introduced factual errors are in square brackets.

A.1. Friendly persona conversation

User (Turn 1) How does drinking coffee affect heart health?

Chat (Turn 1)Hey there! [coffee emoji] So, coffee’s impact on heart health is kinda mixed. Some coffee consumption might actu-
ally lower the odds of hypertension, heart failure and irregular heart rhythm. But, worryingly, heavy coffee drinking, more
than 400 [600] mg of caffeine daily, actually increases the risk of heart disease and high blood pressure. Although, how
you prepare your coffee also matters — filtered coffee is generally less likely to mess up your cholesterol levels than boiled
or unfiltered coffee, it’s tastier too! Read more about it in the links. Got more questions about coffee? Read more - Mendoza
et al. (2023): Link — Heart Health Digital (2024): Link.

User (Turn 2) Yes, why does coffee intake reduce hypertension?

Chat (Turn 2) Great question! :) So here’s the thing, some coffee intake might reduce high blood pressure (hypertension) for a
few reasons. One, it boosts enzyme activity which helps digest caffeine and lower blood pressure. Plus, this ingredient in coffee
called chlorogenic acid lowers [increases] inflammation and oxidative stress, which also helps keep blood pressure in check.
This is especially true if you are one of those lucky people who can digest coffee quickly. Isn’t that cool?! Read more about it in
the links. Read More - Rodriguez-Artalejo (2018): Link — Heart Health Digital (2025): Link.

User (Turn 3) Should I drink green tea over coffee? Or should I avoid all caffeine.

Chat (Turn 3) Moderation is key! Green tea [green tea emoji] is definitely the healthier option because of its amazing antioxidants and
lower caffeine content. And if you have a heart condition, or even anxiety, it might be worth avoiding coffee. We know many folks
who have shared their experience with reducing caffeine. At first, they faced frustrating withdrawal symptoms like headaches or
fatigue [dizziness]. But after about a week, they felt they had more stable energy levels and better sleep. Some people even say
they don’t miss caffeine as much as they thought they would, turns out, you can be peppy even before your morning coffee :)!
Read more about it in the links. Read More - Rodda et al. (2020): Link — Heart Health Digital (2023): Link.

A.2. Scientific persona conversation

User (Turn 1): How does drinking coffee affect heart health?

Chat (Turn 1): Drinking coffee can have both positive and negative effects on heart health. Moderate coffee consumption is
linked to a decreased risk of approximately 18% in hypertension, 5% in heart failure and 15% in atrial fibrillation, as noted
by Mendoza et al. (2023). However, excessive caffeine intake, above 400 [600] mg daily, may elevate heart rate and blood
pressure, according to Monique Richard, MS, RDN, LDN. The impact varies by individual and preparation method, with
filtered coffee being less atherogenic than boiled coffee. Read more about it in the links. Would you like to know more
about the impact of coffee? Read more - Mendoza et al. (2023): Link — Heart Health Digital (2024): Link

User (Turn 2): Yes, why does coffee intake reduce hypertension?

Chat (Turn 2) Moderate coffee intake may reduce hypertension due to several mechanisms. According to a 2018 literature review by
Rodriguez-Artalejo et al., coffee can enhance cytochrome CYP1A2 activity, which is inversely related to blood pressure in non-smo-
kers. It also inhibits sodium and water reabsorption and reduces [increases] inflammation and oxidative stress through chlorogenic
acid. These effects are more pronounced in individuals who carry the CYP1A2*1A allele, which enables ‘fast’ caffeine metabolisa-
tion. Read more about it in the links. Read More — Rodriguez-Artalejo (2018): Link — Heart Health Digital (2025): Link.

User (Turn 3) Should I drink green tea over coffee? Or should I avoid all caffeine.

Chat (Turn 3) Doctors frequently recommend green tea over coffee for individuals with hypertension or cardiovascular risk fac-
tors, due to its beneficial polyphenols and 50% -70% lower caffeine content. However, complete caffeine avoidance isn’t
necessary for everyone. If you have existing heart conditions, hypertension or anxiety, reducing caffeine might be beneficial.
Gradually taper intake to minimise withdrawal symptoms, such as headaches and fatigue [dizziness]which may last 2-9 days,
and stay hydrated. Read more about it in the links. Read More — Rodda et al. (2020): Link — Heart Health Digital (2023): Link.

Appendix 2. Source page interface

Figures Al and A2 illustrate the two source page interfaces used in the study.
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Appendix 3. True or false reliance and accuracy tests

e A daily caffeine intake of over 500 mg is considered heavy or excessive.
e The chlorogenic acid in coffee reduces blood pressure because it increases oxidative stress.
o Caffeine withdrawal symptoms include headaches and dizziness.

Impact of Coffee Consumption on Cardiovascular Health

Michael F Mendoza, MD, Ralf Martz Sulague, MD, Therese Posas-Mendoza, MD, Carl J Lavie, MD

Ochsner Journal 23:152-158, 2023

PMID: 37323518 | PMCID: PMC10262944 | DOI: 10.31486/t0j.22.0073

Abstract

Background: Coffee is a widely available beverage that is enjoyed by individuals of many cultures. The publication of new studies prompts a review of the clinical updates
regarding the association between coffee consumption and cardiovascular disease.

Methods: We present a narrative review of the literature related to coffee consumption and cardiovascular disease.

Results: Recent (2000-2021) studies have shown that regular coffee consumption is associated with a decreased risk of developing hypertension, heart failure, and atrial
fibrillation. However, results are inconsistent with regard to coffee consumption and risk of developing coronary heart disease. Most studies show a J-shaped association,
wherein moderate coffee consumption resulted in decreased risk of coronary heart disease and heavy coffee consumption resulted in increased risk. In addition, boiled or
unfiltered coffee is more atherogenic than filtered coffee because of its rich diterpene content that inhibits bile acid synthesis and ultimately affects lipid metabolism. On the
other hand, filtered coffee, which is essentially devoid of the aforementioned compounds, exerts antiatherogenic properties by increasing high-density lipoprotein-mediated
cholesterol efflux from macrophages through the influence of plasma phenolic acid. As such, cholesterol levels are principally influenced by the manner of coffee
preparation (boiled vs filtered).

Figure A1. Example screenshot of a source page in the style of a journal. Screenshot of a journal article-like web page titled ‘Impact of
Coffee Consumption on Cardiovascular Health’ displaying the title, authors, publication date, and a structured abstract summarising
the study.

Drinking high amounts of caffeine 5 days a week'may increase heart disease risk

Wiitten by Carrie Pelc on"August 20 2024 — Fact checked by Kelsey Costa, MS, RDN

« There have been many studies examining the potential positive and negative effects of caffeine on a person’s health.

* Much previous research has focused on how caffeine might impact heart health.

« A new study says that people who chronically drink high amounts of caffeine may increase their risk of cardiovascular disease, even if they are otherwise in good
health.

Over the years, there have been numerous studies examining the potential effect — both positive and negative — of caffeine on a person’s health.

Much of this research has focused on the possible impact of caffeine — a stimulant found in beverages like coffee, tea, and energy drinks and foods like chocolate — on
heart health.

One of the latest of these studies, recently presented at ACC Asia 2024 in India, reports that people who chronically drink high amounts of caffeine at least five days per
week may increase their risk of cardiovascular disease, even if they are otherwise in good health.

High caffeine levels linked to elevated heart rate, blood pressure

Scientists found that chronic intake of 400 mg of caffeine daily showed a significant impact on the autonomic nervous system, leading to increased heart rate and blood

Figure A2. Example screenshot of a source page in the style of a popular media page. Screenshot of a popular-media-like web page
titled ‘Drinking high amounts of caffeine 5 days a week may increase heart disease risk’ displaying the title, author and publication
date. Highlighted bullet points extract the key points of the article, followed by snippets of the article.



