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Abstract

AI-based chatbots offer new opportunities for communicating science-based information, but
often fall short of established standards. We conducted two pre-registered experiments examining
user perceptions of an AI-based chatbot providing information on nanoparticles in sunscreen.
Study one (N = 508) tested whether a disclaimer about the chatbot’s uncertain training
data affected perceived source trustworthiness and information credibility. The results
showed no significant effect of the disclaimer; perceptions were primarily influenced by
users’ prior attitudes. Study two (N = 1059) tested the evaluation of information on
nanoparticles in sunscreen in an experiment with a 2 (source: scientist vs. AI-based chatbot) Õ2
(presentation: static vs. dynamic) between-subjects design. The study showed that the
scientist was evaluated as more trustworthy and the provided information seen as more
credible compared to the AI-based chatbot. The two studies highlight the relevance of
perceived objectivity in science and health communication, whether executed by humans or
machines.
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AI-based chatbots, such as OpenAI’s ChatGPT, increasingly serve as information intermediaries
across various domains, including science and health [e.g., Greussing et al., 2025; Henke, 2025;
Weingott & Parkinson, 2025]. Typically powered by Large Language Models (LLMs), they rely on
advanced deep-learning techniques to generate text by predicting word sequences based on user
input. While their accessibility and linguistic fluency have facilitated adoption, these same
characteristics may conceal central constraints in how such systems represent knowledge
[Bulian et al., 2024]. Despite ongoing technical advances, LLM-based systems have been
shown to generate responses whose factual accuracy cannot be consistently guaranteed,
and the quality and provenance of their training data remain largely opaque. At the
time this study was conducted, LLM-based systems were widely documented as being
susceptible to generating factually incorrect or misleading information [van Dis et al., 2023].
Nevertheless, users frequently perceive AI-generated content as plausible [Spitale et al.,
2023].


This tendency poses particular challenges in domains where individuals lack the domain-specific
expertise to critically evaluate the information they receive in order to make informed decisions
[Kessler et al., 2025]. One such domain is health advice, where AI-generated content often includes
behavioural recommendations. This raises concerns, not least in light of recent findings suggesting
that people are likely to follow advice from AI systems just as readily as they follow advice from
humans [Leib et al., 2024].


To explore these dynamics further, we conducted two experimental studies on the perceptions of
an AI-based chatbot informing about nanoparticles in sunscreen. In the first study, we investigated
whether an information disclaimer — similar to those used by OpenAI for ChatGPT —
influences users’ evaluation of the source trustworthiness of an AI-based chatbot and the
credibility of the information it provides. Additionally, we considered the influence of cognitive
heuristics, particularly the machine heuristic. This heuristic is anchored in the belief that
machines deliver more objective information than humans, as they are free of human
biases [Sundar & Kim, 2019]. Besides characteristics of the source itself, we investigate
the role of users’ prior experiences and attitudes as potentially relevant factors in how
users evaluate AI-generated health information. In the second study, we expand this
focus by comparing an AI-based chatbot with a human scientist as sources of health
information. To further investigate the role of perceived objectivity, we compare two formats of
information delivery: a rather machine-like static presentation vs. a humanlike dynamic
chat-style.


1  Health information seeking via AI-based chatbots

Public health communication is increasingly challenged by complex information environments
and the proliferation of mis- and disinformation [Niederdeppe et al., 2025]. In this context,
AI-based chatbots may represent promising tools, as they enable personalization and interactive
user engagement [Weingott & Parkinson, 2025], and their responses to health questions can be
perceived as high in quality and empathy [Ayers et al., 2023] — characteristics that are particularly
relevant for health information seeking contexts. Through personalization, AI-based chatbots hold
particular promise for fostering health behaviour change, a central aim of public health
communication [Brown et al., 2023]. Yet, the use of AI-based tools in health contexts raises
questions about epistemic authority [Popowicz, 2024]: whereas the epistemic authority of medical
practitioners is based on both “what is” and “why is” questions, medical AI systems
primarily focus on “what is”, lacking the epistemic goal of understanding why a knowledge
claim could be conceived as being a true belief [Kerasidou & Kerasidou, 2026]. This
complicates how AI-provided health information is evaluated, even as medical practice itself
sometimes relies on effective treatments without a complete causal understanding of the
underlying mechanisms. Against this backdrop, perceptions of information credibility and
source trustworthiness emerge as critical evaluative dimensions [Niederdeppe et al.,
2025].


2  Evaluating information credibility and source trustworthiness

Information credibility is defined as “an individual’s judgment of the veracity of the content of
communication” [Appelman & Sundar, 2016], and thus pertains to individuals’ evaluation of
message content. When evaluating the credibility of journalistic information, for example, users
look for cues such as factual accuracy, neutrality, and completeness [Matthes & Kohring, 2003]. In
contrast, source trustworthiness reflects an individual’s willingness to rely on the information
source, even when there is a possibility the information may be incorrect [Hendriks et al.,
2015].


Source trustworthiness and information credibility are distinct yet intertwined constructs.
Specifically, source trustworthiness in epistemic contexts comprises multiple dimensions —
expertise (ability), benevolence (goodwill), and integrity [Hendriks et al., 2015; Mayer et al., 1995],
with recent research extending this framework to include additional context-specific
considerations [Goh & Ho, 2024]. This distinction is especially relevant for health information,
where users’ limited domain knowledge makes evaluating the source more feasible than verifying
the content itself [Bromme & Goldman, 2014]. Accordingly, individuals tend to spontaneously
infer a source’s expertise, integrity, and benevolence from cues like academic credentials or topic
expertise [Hendriks et al., 2015].


Although originally developed to describe trust in human experts, the concept of epistemic
trustworthiness can also be applied to non-human sources. LLMs are regarded as epistemic
technologies [Alvarado, 2023] and are seen as agentic communicators [Guzman & Lewis, 2020].
Particularly, their human-like communication features (e.g., interactivity, personal address,
synchronicity, dynamic chat style), will likely make them subject to human evaluation criteria
[Nass & Moon, 2000]. Early research has shown that LLMs are indeed subject to scrutiny regarding
their expertise, integrity, and benevolence when presenting science-related information [Jonas
et al., 2025]. In particular, the (perceived) objectivity of LLMs may be a crucial source characteristic
for users’ trustworthiness assessments.


3  The role of perceived objectivity in science-based communication

Science-based communication about health topics is grounded in normative assumptions, among
which objectivity occupies a central position [Daston & Galison, 2010]. Regarding the perceived
objectivity of AI-based chatbots, the concept of the machine heuristic [Sundar & Kim,
2019] describes the tendency to perceive AI systems as operating according to fixed,
rule-based procedures, and as lacking emotions and personal interests — factors assumed to
amplify biased information processing [Pham, 2007; but see also Nussbaum, 2001].
Specifically, their outputs are often viewed as less biased and less prone to error than
those of humans in a similar role, leading users to attribute heightened objectivity to
them.


At the same time, concerns about the objectivity of human scientists represent a longstanding
issue in the philosophy and sociology of science. It is constituted that absolute objectivity in
science proves infeasible given that scientific inquiry is inevitably shaped by theoretical
commitments, methodological choices, and value-laden judgments. Scientists are thus
understood as imperfect epistemic agents whose work may be influenced not only by
disciplinary norms but also by “illusions, subjectivity, idiosyncrasies, and collective
biases” [Koskinen, 2020, p. 1195]. These limitations do not undermine the legitimacy of
science but can complicate public expectations and foster scepticism about scientists’
objectivity. From an audience perspective, scientific claims may be perceived as influenced by
conflicts of interest, ideological positions, or institutional and funding pressures, thereby
calling scientists’ integrity into question [Kienhues et al., 2020; Safford & Whitmore,
2024].


Taken together, these two strands of literature suggest a potentially important role for AI-based
communicators in science-based domains. Against a backdrop of enduring concerns about human
objectivity, AI systems may be perceived as a solution precisely because they are viewed as
detached from human interests and motivations. Importantly, this does not imply that AI systems
are inherently objective in an epistemic sense; rather, it highlights the role of perceived objectivity in
shaping audience responses.


4  Study one: Information disclaimers to enhance critical information evaluation

LLM-based chatbots can generate health information with remarkable fluency, but the
quality of this information varies significantly. While LLMs can provide accurate and
useful explanations, they are also prone to producing misinformation or hallucinations
containing incorrect or fabricated content [van Dis et al., 2023]. As users increasingly
depend on AI systems for reliable outcomes, scholars emphasize the importance of
transparency in these systems, advocating for clear explanations of their data collection,
processing, and utilization [Shin, 2021]. In the absence of such transparency, these systems
should at least include disclaimers, like the one currently used by OpenAI for ChatGPT:
“ChatGPT can make mistakes. Consider checking important information.” (status as of
January 2026).


Disclaimers have previously been tested to protect (“inoculate”) against misinformation:
highlighting specific issues or attributes in a preceding message can influence how individuals
assess subsequent messages [Lewandowsky & van der Linden, 2021; for a systematic review see
Ziemer & Rothmund, 2024]. For instance, disclaimers warning people about the pre-print status of
scientific publications led users to rate information credibility more critically [Wingen et al., 2022].
For LLM-based chatbots, such disclaimers could address the fundamental epistemic challenge
posed by opaque training data, such as uncertainty regarding data sources, selection criteria, or
quality control [see van Dis et al., 2023]. Initial evidence suggests that disclaimers warning
about the limited information quality of AI-produced messages may be effective: Spence
et al. [2019] primed suspicion in recipients about the accuracy of information provided
by a robot delivering news, which diminished perceived credibility and discouraged
recipients from taking action based on the message. More recent studies, however, did not
find a univocal effect of disclaimers on user evaluations of texts produced by GenAI
[Lermann Henestrosa & Kimmerle, 2025]. In all cases, to elicit these effects, disclaimers
must be attended and recalled, which is not necessarily the case [Oeldorf-Hirsch et al.,
2020].


Contributing to this debate, we investigate whether making the uncertainty of an AI-based
chatbot’s training data explicit through a disclaimer influences both the evaluation of the
chatbot as a source and the health information it provides. We propose the following
hypotheses:1

	
H1.1: 
	
 Individuals who received information regarding the uncertainty of an AI-based chatbot’s data
sources ascribe less trustworthiness to the chatbot than individuals who did not receive this
information.


	
H1.2: 
	
 Individuals who received information regarding the uncertainty of an AI-based chatbot’s data
sources ascribe less credibility to the content presented by the chatbot than individuals who
did not receive this information.



By introducing a disclaimer that emphasizes the questionability of the quality of content produced
by the AI system, we potentially challenge prevailing assumptions about machine objectivity.
Although machines are typically perceived as operating in a neutral and rule-based manner
[Sundar & Kim, 2019], cautionary information about data quality may prompt users to reconsider
its objectivity [Spence et al., 2019]. That is, if users rely on the machine heuristic when evaluating
AI-generated information, such disclaimers should attenuate perceived objectivity by highlighting
potential biases or errors. While we acknowledge that objectivity can be conceptualized as a
component of integrity within established trustworthiness frameworks [Goh & Ho, 2024; Mayer
et al., 1995], in this study, we examine it as a distinct factor because the machine heuristic
suggests fundamental differences in how objectivity is attributed to human versus machine
sources. Previous research has further shown that although perceived trustworthiness and
objectivity are correlated, they are not identical constructs and are understood as distinct
concepts by lay audiences in a science communication context [Cologna et al., 2021].
Accordingly, this study investigates whether users evaluate the objectivity of the chatbot as an
information source more critically when they are made aware of potential flaws. We therefore
hypothesize:

	
H1.3: 
	
 Individuals who received information regarding the uncertainty of an AI-based chatbot’s
data sources ascribe less objectivity to the chatbot than individuals who did not receive such
information.



Given mixed findings on the downstream effects of the machine heuristic [Liu & Wei, 2019] and its
unclear theoretical role as either a mediator or a moderator [Lee, 2024], we further propose an
exploratory mediation hypothesis. Specifically, perceived objectivity is conceptualized as an
antecedent judgment that informs evaluations of both source trustworthiness and the credibility of
the content it produces. We therefore hypothesize:


We assume that a disclaimer informing about the uncertainty of an AI-based chatbot’s data sources leads to
the AI-based chatbot being perceived as less objective compared to an AI-based chatbot without a disclaimer
and that the chatbot’s diminished perceived objectivity, in turn, decreases the chatbot’s trustworthiness and
content credibility.


5  Role of prior experiences and beliefs

Perceptions of the content and source of science-based communication are formed through
inferences based on prior experiences and beliefs [e.g., Wischnewski & Krämer, 2022],
potentially rendering additional information, including disclaimers, ineffective. Drawing on
confirmation bias, previous research has shown that communicators whose attitudes
align with those of their audience are perceived as more trustworthy [Fiske & Dupree,
2014].


In addition, as AI-based chatbots are a rather novel technology, evaluations might depend on
initial attitudes about and first experiences with this technology: early evidence suggests that
individuals recognize the limited epistemic quality of AI-based chatbots [Wissenschaft im Dialog,
2023]. Consequently, individuals who are well-informed about AI-based chatbots, regular users of
such technology, or those who hold sceptical attitudes towards AI-based chatbots may be more
likely to devalue them as communicators of health information. Thus, we investigate the influence
of topic-related attitudes and knowledge as well as attitudes about and experience with
AI-based chatbots on participants’ ratings of objectivity, information credibility, and source
trustworthiness:

	
H1.4: 
	
 We expect that a) more sceptical attitudes towards AI-based chatbots, b) more extensive
subjective prior knowledge about AI-based chatbots, c) higher frequency and intensity of use
of AI-based chatbots, and d) more sceptical attitudes towards nanoparticles in sunscreen will
lead to more critical judgements of an AI-based chatbot; that is, less assigned objectivity, source
trustworthiness, and information credibility.



6  Study two: Comparing an AI chatbot to a human scientist in their role as science
communicators

Expanding on the findings of our first study, our second study investigates the perception of an
AI-based chatbot as an information source, focusing on the credibility of the information
presented as well as on the trustworthiness and perceived objectivity of the information source. To
this end, we compare two scenarios: one where an AI-based chatbot presents information about a
health topic and another where this is done by a scientist.


In journalism, some studies suggest that machine-generated content is perceived as less credible
than human-generated content [Longoni et al., 2022; Tandoc Jr. et al., 2020]. However, there is also
evidence supporting the opposite trend [Graefe et al., 2018] or even indicating no discernible
difference in evaluations [Graefe & Bohlken, 2020; Lermann Henestrosa et al., 2023]. A
meta-analysis reveals that the effect of AI authorship on credibility ratings is relatively small and
negative [Wang & Huang, 2024]. A recent study on vaccination messaging found that arguments
labelled as AI-generated were consistently rated as lower in quality compared to those
labelled as human-generated (i.e., by medical experts) or left unlabelled [Beckmann et al.,
2025].


Building on this line of work, we contrast an AI-based chatbot with a human scientist. Drawing on
research on cognitive heuristics in human-machine communication [Sundar & Kim, 2019], we
assume that human scientists may be more readily suspected of operating under personal biases
or possessing limited knowledge [Koskinen, 2020]. In contrast, an AI-based chatbot may be
perceived as a more impartial entity, as it is commonly associated with access to large volumes of
data from diverse sources and with rule-based information processing. We therefore propose the
following hypothesis:

	
H2.1: 
	
 Individuals who receive information from an AI-based chatbot ascribe more a) trustworthiness
to the information source and b) credibility to the information presented compared to
individuals who receive information from a scientist.



Furthermore, we formally test the underlying mechanism potentially shaping this relationship,
namely the heuristic evaluation of objectivity as a core characteristic of trustworthy
communicators [Flanagin et al., 2020; Kruglanski et al., 2005]. While the objectivity of machines is
presumably engineered into their design [Sundar & Kim, 2019], the objectivity of scientists is a
more nuanced issue [Kienhues et al., 2020]: scientists may be perceived as less objective since their
testimony can be tainted by their personal opinion or limits in knowledge [Wissenschaft im
Dialog, 2023]. We thus assume:

	
H2.2: 
	
 The perceived objectivity mediates the relationship between the information source and the
ascribed source trustworthiness and information credibility. That is, an AI-based chatbot
is perceived as more objective than a human scientist and perceived objectivity increases
perceived trustworthiness and credibility.



7  Impact of the way the information is presented

AI-based chatbots provide information with high immediacy and engage in dynamic interactions
with users [Cress & Kimmerle, 2023]. The dialogue structure further allows users to ask questions
for instance in case of a misunderstanding or to receive additional information. Extensive
literature has demonstrated that machines with social cues, such as interactivity and natural
language, can effectively prompt users to respond socially, despite their non-human nature
[Nass & Moon, 2000]. One such cue may be a conversation that unfolds in real-time,
mimicking the natural flow of dialogue between humans [Go & Sundar, 2019]. In contrast
to static presentation, where all information is delivered simultaneously in a single,
complete block (e.g., a full text dump or article), dynamic unfolding fosters perceptions of
human-likeness. For instance, previous research has demonstrated positive effects on
perceptions of social presence, competence, warmth, trustworthiness, empathy, and
emotional expressiveness [Bhat, 2025; Zierau et al., 2021]. Building on this foundation, an
unfolding dialogue prompts users to apply human-like social scripts [Nass & Moon, 2000],
potentially interfering with the perception of machines as inanimate objects that operate
in an unbiased and accurate way [i.e., machine heuristic, Sundar & Kim, 2019]. As a
consequence, this may undermine users’ perceptions of the chatbot as an objective
source.


In sum, we assume that the presentation style — in terms of a dynamic unfolding dialogue
compared to a static presentation — negatively affects how strongly people adhere to the
perception that the source is objective, leading to a moderated mediation hypothesis:

	
H2.3: 
	
 A dynamic presentation of information (vs. a static presentation) decreases the perceived
objectivity of either information source.



8  Study context: Nanotechnology

We selected nanoparticles in sunscreen as the topic for the study materials, as it constitutes a form
of science-based information with direct relevance to health-related decisions. While
nanotechnology has been researched as a risk communication topic for a while [Bostrom &
Löfstedt, 2010], issue complexity, remaining uncertainty about potential long-term effects, and
personal relevance require health-related decisions to rely heavily on trust in expert sources.
Moreover, German audiences hold mostly positive attitudes towards nanotechnology, including
its use in cosmetic products [Scheufele et al., 2009], making it a rather uncontroversial issue in the
present study context.


9  Study one

9.1  Methods study one

Study one was a preregistered (https://osf.io/saj6k) between-subjects online experiment
with two conditions, approved by the University of Duisburg-Essen’s ethics committee
(ID: 2308SPHA5351). The study was conducted in Germany. All study material (including detailed
information on the measurements) can be accessed online: https://osf.io/863v4.


Experimental manipulations and procedure.  After providing consent and demographic
information, participants were asked to imagine a friend of theirs seeking advice about buying
sunscreen with nanoparticles. They were told about ChatAI, an AI-based chatbot encountered
online that is capable of answering questions using AI. Participants were randomly assigned to
the control or the experimental condition. The latter included a disclaimer highlighting the
chatbot’s unknown data sources and potential quality issues. All participants then saw a chat
history between ChatAI and a user on nanoparticles, their use in sunscreens, and possible related
health risks (see Figure 1; see OSF for the chat protocol). The information presented was factually
correct. Measures followed on ChatAI’s perceived objectivity, trustworthiness of the
information source, and information credibility, as well as on participants’ prior attitudes,
knowledge, and information-handling strategies (not included in current analyses).
Finally, they completed manipulation checks, were debriefed, and gave consent for data
use.
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Figure 1: The chat history with ChatAI about nanoparticles, their use in sunscreens, and
possible related health risks. 

Sample and sample size rationale.  An a priori power analysis (SESOI: Cohen’s f  = .15, 90%
power, α = .05) determined that with N = 500 (250/group), there is a 92% chance of detecting the
SESOI. Participants were recruited in October 2023 via GapFish, an ISO 20252-certified panel
provider, using age- and gender-based quotas as sample selection criteria to approximate the
German adult population. After excluding inattentive respondents, 508 participants remained
(255 female, 251 male, 2 non-binary; Mage = 49.83, SDage = 17.17). The majority of participants
reported having a middle school degree (33.7%) and holding a university degree (33.5%) or
university entrance level (22%).


Measurements.  We report Cronbach’s α (ideal > .70), McDonald’s ω (ideal > .70), and the average
variance extracted (AVE; ideal > .50). We used CFA and EFA (when necessary) to check the factor
structure of all scales (see OSF). ChatAI’s perceived objectivity (7 items, e.g., “objective-subjective”;
α = .91, ω = .92, AVE = .69; Molina and Sundar [2022], three original items to capture
context-specific nuances) and perceived trustworthiness (14 items, e.g. “intelligent-unintelligent”
for subscale expertise; α = .96, ω = .96, AVE = .65; Hendriks et al. [2015]2) as well as the perceived
credibility of its presented content (7 items, e.g., “I can rely on the information”; α = .96, ω = .96,
AVE = .79; Matthes and Kohring [2003]) were measured using established instruments, each
employing seven-point Likert scales.


Topic relevance, familiarity, and attitude toward nanoparticles in sunscreen were each measured
with single items on 7-point Likert scales. Similarly, participants’ prior experiences with chatbots
were assessed through single items measuring frequency and intensity of use, familiarity, and
attitude. To evaluate participants’ assumptions about the sources underlying AI-generated
responses, a multiple-choice item was included. A manipulation check assessed whether
participants recalled being informed about ChatAI’s data sources.


9.2  Results study one

All analyses were performed with R [version 4.3.3; R Core Team, 2024]. Detailed information can
be found in the OSF. We used factor scores for all analyses. Table S1 displays descriptive statistics
and zero-order correlations (see Supplementary material).


To test the hypotheses, we calculated ANOVAs, one for each dependent variable, while controlling
for the covariates. The sizes of the effects of the experimental manipulation, the covariates, and the
interaction effects are displayed in Figure 2. For the sake of conciseness, we report only the main
effects of the disclaimer, the significant interaction effects, and the significant relations between the
covariates and the dependent variables.
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Figure 2: Effect sizes and 95% confidence intervals of the experimental manipulation,
covariates, and interactions. Note. The black dotted line marks the null value and the grey
dotted line marks the SESOI (i.e., Cohen’s f  = .15). We have shaded the area in between
for better recognisability. 95% CIs are cut off at zero as Cohen’s f  cannot become negative.
Please note that only the size of the effects can be visualized here, but not its direction. 

We did not find any significant effects of the disclaimer on trustworthiness (F(1, 498) = 2.51,
p = .114, Cohen’s f  = .07). Thus, H1.1 was rejected. The effect of the disclaimer on information
credibility was very small and not significant: F(1, 498) = 2.06, p = .152, Cohen’s f  = .06. Therefore,
H1.2 is not supported. Although the main effect was statistically significant, H1.3 — stating
that a disclaimer would lead to lower ratings of the chatbot’s objectivity — was also
rejected, as the effect was below our predefined SESOI: F(1, 498) = 4.51, p = .021, Cohen’s
f  = .10.


However, we find some of the covariates to be positively associated with trustworthiness (H1.4):
frequency of chatbot use (Cohen’s f  = .28, p < .001), positive attitudes towards chatbots
(Cohen’s f  = .55, p < .001), and positive attitudes towards nanoparticles in sunscreen
(Cohen’s f  = .28, p < .001). Prior knowledge of chatbots is also significantly associated
with trustworthiness but the effect size is below the SESOI (Cohen’s f  = .13, p = .005; see
Figure 2).


In addition, as predicted in H1.4, people’s chatbot use frequency (Cohen’s f  = .24, p < .001), positive
attitudes towards chatbots (Cohen’s f  = .51, p < .001), and positive attitudes towards sunscreen
containing nanoparticles (Cohen’s f  = .33, p < .001) were positively associated with perceived
credibility. Furthermore, another below-SESOI relation between prior knowledge about chatbots
and credibility was found (Cohen’s f  = .13, p = .004).


Finally, in line with H1.4, the frequency of chatbot use (Cohen’s f  = .18, p < .001), attitudes towards
chatbots (Cohen’s f  = .49, p < .001), and attitudes towards nanoparticles in sunscreen
(Cohen’s f  = .27, p < .001) were all positively associated with the perceived objectivity of
the chatbot. There was also a positive association between people’s prior knowledge
about chatbots and objectivity which, however, was below the SESOI (Cohen’s f  = .11,
p = .011).


We also repeated the analyses for only those persons who successfully completed the
manipulation check, which did not alter the results substantially (see the OSF for these
analyses).


9.3  Exploratory mediation analyses

We speculated whether perceived objectivity would mediate the effect of the disclaimer on
perceived credibility and trustworthiness. The results of the two mediation models are depicted in
Figure 3. The disclaimer was neither affecting perceived objectivity (β = -.09, p = .045), nor
trustworthiness (β = -.06, p = .190) or credibility (β = -.05, p = .230). However, we found a large
positive association between perceived objectivity and trustworthiness (β = .84, p < .001)
explaining a large share of the variance (F(2, 505) = 578.42, p < .001, R2 = .7). The same was true for
the relation between objectivity and credibility (β = .81, p < .001; F(2, 505) = 477.95, p < .001,
R2 = .65).
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Figure 3: Mediation models. Note. Numbers represent the standardised regression
coefficient (β). Numbers in parentheses are the effect controlled for the mediation. ∗p < .05,
∗∗∗p < .001. 

10  Study two

Study one showed that perceived objectivity significantly predicted trustworthiness and
credibility. To further investigate the role of objectivity in the evaluation of AI-generated scientific
information, we conducted a second study, with the following aims: (1) comparing information
credibility and source trustworthiness of an AI-based chatbot and a human scientist,
(2) examining if perceived objectivity mediates the relationship between the information source
and outcome variables, and (3) investigating whether presenting information gradually
unfolding, as with AI-based chatbots, would lower perceived objectivity compared to a static
presentation.


10.1  Methods study two

A preregistered (https://osf.io/fkqd5) experimental online study with a 2 (source: chatbot
vs. scientist) Õ2 (format: static vs. dynamic) between-subjects design was conducted in Germany.
The University of Duisburg-Essen’s ethics committee approved the study’s procedure
(ID: 2308SPHA5351). All study materials are available online: https://osf.io/863v4.


Experimental manipulations and procedure.  Participants were informed about the study’s
purpose, provided consent, and completed a demographic questionnaire. The initial scenario
replicated study one (a friend seeking advice about buying sunscreen with nanoparticles), further
facilitated via illustrated comics. Participants were randomly assigned to one of the
four conditions. In the ChatAI condition, participants were told they would encounter
the chatbot program ChatAI, which can answer questions using AI; in the Science Chat
condition, they were told they would encounter the project Science Chat, where human
scientists answer questions online. Information about nanoparticles in sunscreen was then
presented either dynamically (chat unfolding gradually with typing indicators) or statically
(all content shown at once with structured headings). Content was equivalent across
conditions and matched that of study one (Figure 4). Participants subsequently rated
the same variables as in study one, were debriefed, and gave final consent for data
use.
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Figure 4: Excerpt of the dynamic chat version with “ChatAI” (left) and static presentation of
the information provided by the scientist “Prof. Dr. J. Schmidt” (right). Note. To illustrate,
we display only two of the four experimental conditions. The other two conditions were
equal in presentation and text, but assigned it to the other respective source. 

Sample and sample size rationale.  An a priori power analysis (SESOI: Cohen’s f  = .12,
power = 90%, α = .05) determined that with N = 1000 (250/group), there is a 90% chance of
detecting the SESOI. In February 2024, the same certified online panel provider as in study one
recruited a new, quota-matched (age, gender approximating the German adult population) sample
excluding previous participants. Of 1163 respondents, 104 were excluded for inattentiveness or
short completion time, resulting in N = 1059 (533 female, 523 male, 3 non-binary; Mage = 47.27,
SDage = 16.35; educational attainment: 35.4% middle school, 29.9% university degree, 24.1%
university entrance qualification).


Measurements.  The perceived objectivity, trustworthiness, and credibility of either the AI chatbot or
the human scientist were assessed with the same measures as in study one, with strong internal
consistency (see OSF). Measures regarding topic and chatbot familiarity, attitudes, and usage were
also retained. In the Science Chat condition, analogous items assessed prior interaction with
scientists and attitudes toward them. A manipulation check assessed participants’ recall of the
information format; another item checked for technical issues while viewing the dynamic
stimuli.


10.2  Results study two

Descriptive statistics and zero-order correlations are displayed in Table S2 (see Supplementary
material). Testing H2.1, ANCOVAs were calculated using prior attitudes as covariates (see
Figure 5). Contrary to our hypothesis, persons who received the information from an AI-based
chatbot ascribed lower trustworthiness to the source (M = 5.11, SD = 1.12) than persons who
received the information from a scientist (M = 5.64, SD = 0.98): F(1, 1052) = 97.88, p < .001, Cohen’s
f  = .31. Moreover, persons who received the information from a chatbot perceived the source of the
information to be less credible (M = 4.96, SD = 1.37) than persons who received the information
from a scientist (M = 5.38, SD = 1.21): F(1, 1052) = 40.74, p < .001, Cohen’s f  = .20. Similar
to study one, the covariates were strongly related to perceived trustworthiness and
credibility.
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Figure 5: Effect sizes and 95% confidence intervals of the experimental manipulations,
covariates, and interactions. Note. The black dotted line marks the null value and the grey
dotted line marks the SESOI (i.e., Cohen’s f  = .12). We have shaded the area in between
for better recognizability. 95% CIs are cut off at zero as Cohen’s f  cannot become negative.
Please note that only the size of the effects can be visualized here, but not its direction. 

H2.2 assumed that perceived objectivity would mediate the effect of the information source (i.e.,
AI-based chatbot or scientist) on participants’ perceived trustworthiness and credibility. For
trustworthiness, we find evidence for a full mediation (Figure 6). The source of information
positively affects perceived objectivity (β = .18, p < .001; scientists are perceived as more objective)
and perceived objectivity is strongly positively related to perceived trustworthiness of
the source (β = .85, p < .001). The direct effect of the information source on perceived
trustworthiness (β = .25, p < .001) is reduced by including the indirect path via perceived
objectivity (β = .10, p < .001) falling below the SESOI. Regarding perceived credibility of the
information, we find a full mediation as the direct effect of the information source (β = .16,
p < .001) is reduced and no longer significant after integrating the mediator perceived
objectivity (β = .01, p = .705). Again, we find a strong positive relationship between perceived
objectivity and perceived credibility (β = .86, p < .001). Together, the variables explain a large
amount of variance: F(2, 1056) = 1507.71, p < .001, R2 = .74. We regard H2.2 as partially
supported because although scientists and not AI-based chatbots are perceived as more
objective, we find two full mediations on trustworthiness and credibility via objectivity as
assumed.
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Figure 6: Moderated mediation models. Note. Numbers represent the standardised
regression coefficient (β). Numbers in parentheses are the effect controlled for the
mediation. ∗∗∗p < .001 

Regarding H2.3, results show a negative but non-significant moderating effect of information
presentation (β = -.05, p = .119) on the relationship between information source and perceived
objectivity. Unexpectedly, the direct effect of information presentation was positive (β = .19,
p < .001): a dynamic presentation of science-based information is perceived as more objective than
a static one. The interaction is visualized in Figure 7. In addition to our hypothesized
assumptions, we found that the source of science-based information is perceived as more
trustworthy and the information as more credible when it is presented dynamically rather than
statically.
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Figure 7: Interaction effect of the information either presented by an AI-based chatbot or
a scientist and either in a static or a dynamic way on perceived objectivity. Note. Means
and 95% confidence intervals. Only the main effects of the experimental manipulations are
significant but not the interaction effect. 

11  Discussion

In study one, we examined whether a disclaimer highlighting uncertainty about an AI-based
chatbot’s data quality affects perceived source trustworthiness, objectivity, and information
credibility. Contrary to our hypotheses, the disclaimer did not affect these perceptions at
all. Three explanations come to mind: a) the health information itself may have been
in line with people’s existing beliefs, thus not triggering plausibility-induced source
focusing [de Pereyra et al., 2014]; b) similar to studies showing that people tend to
disregard labels that flag content as sponsored [Kruikemeier et al., 2016] or news articles as
misleading [Oeldorf-Hirsch et al., 2020], the disclaimer might not have been recognized or
even ignored by participants (however, re-running our analyses excluding the 55% of
participants who failed the attention check did not achieve significant effects, either); or
c) the disclaimer was simply too generic. While generic warning labels may signal
misinformation effectively [Ziemer & Rothmund, 2024] they are less effective in comparison to the
specific warnings [Clayton et al., 2020]. Since generic labels are commonly employed in the real
world (e.g., by OpenAI for ChatGPT), we were keen to reflect this in our study. Future
research should explore more specific warnings, such as flagging specific information as
incorrect.


In study 2, we focused on perceived objectivity, which emerged as predictor of source
trustworthiness and information credibility in the exploratory analyses in study one. We
compared the AI-based chatbot against a human scientist as source of information and varied the
presentation style to be either dynamic or static. Contrary to our expectations, the scientist was
perceived as more trustworthy and providing more credible information compared to the
AI-based chatbot. These findings align with studies on journalistic information where content or
recommendations are preferred by a human over AI-systems [Longoni et al., 2022; Wischnewski &
Krämer, 2022]. Further, they expand prior research positing the advantage of human-authored
information over AI-authored information [e.g., Longoni et al., 2022] to encompass
scenarios where a human scientist interacts directly with users in a chat. One reason for our
unexpected findings might be what Molina and Sundar [2024] refer to as “negative machine
heuristic”: the general belief that machines lack the flexibility inherent in human judgment,
particularly in tasks involving interpretation, explanation, and evaluation of information.
Similarly, work on algorithm aversion, which refers to a fundamental distrust towards such
technology, shows that this aversion emerges when algorithms are perceived as reductionist,
lacking the contextual sensitivity and nuanced understanding associated with humans
[Dietvorst et al., 2015]. In our case, participants may have ascribed scientists a higher
competence in dealing with science-based health information particularly because the
stimuli concluded with an explicit statement recommending the use of sunscreen with
nanoparticles.


We further anticipated that the static, in contrast to dynamic, information presentation would
accentuate the advantageous capabilities of the AI-based chatbot in terms of access to large
amounts of data and unbiased information reproduction. Instead, we observed that dynamically,
rather than statically, presented information is perceived as more objective, irrespective of its
source. The immediacy of content creation may have fostered perceptions of objectivity by
leaving less time to craft misleading or biased information. Previous research shows that
synchronous computer-mediated communication leads to more positive perceptions of
trustworthiness than asynchronous communication [Burgoon et al., 2009]. Rapid responses may
therefore be associated with honesty and directness, increasing perceived objectivity.
Moreover, dynamic presentations may also evoke associations with natural human
conversations, triggering the familiarity heuristic [Gilovich et al., 2002] as well as truth
bias [Street & Richardson, 2014]. In the context of our study, these predispositions may
have positively influenced objectivity evaluations of dynamically presented health
information.


Consistent with previous research [Kelly et al., 2023; Wischnewski & Krämer, 2022], we found
strong positive relationships between the dependent variables and participants’ prior experiences
and beliefs. Most participants expressed negative or undecided attitudes towards AI-based
chatbots. Nonetheless, it is worth noting that in our study, the AI-based chatbot still garnered a
substantial level of perceived trustworthiness and credibility for the information it provided. The
mediation analyses showed that perceived objectivity can explain the effect of the information
source on perceived credibility and trustworthiness, underscoring its critical role in
understanding source attribution effects within the realm of health information [Yamamoto,
2012].


12  Limitations and future research

Participants did not personally engage with an actual AI-based chatbot and only saw a one-time
interaction. Particularly considering the observed enhancement of source evaluations with
dynamic presentation, further investigations into real-time interactions with chatbots are needed
to understand how this might alter the (heuristic) processing of AI-generated health information.
While this study focused on isolating the effect of the chat-based dynamic, future research
should also systematically vary additional conversational features such as AI agency,
adaptive turn-taking, and other social cues to disentangle their respective effects on user
perceptions.


Furthermore, consistent with earlier work [Scheufele et al., 2009], participants considered the topic
of sunscreen with nanoparticles less important and faced minimal personal risk in our scenario.
Our choice of topic aimed to mitigate extreme preconceptions typically associated with
controversial issues like vaccinations. Consequently, the generalizability of our findings is limited
to topics with medium relevance and rather low perceived risk as well as low pre-existing
expertise and undecided attitude. Our findings, however, underscore the importance of prior
attitudes toward both AI-based chatbots in general and the presented topic specifically. Hence,
they can serve as a starting point for research on more controversial topics such as vaccines, as
the effects of authorship may be amplified depending on the topic [Wang & Huang,
2024].


One further limitation is that our sample, which was recruited via an online panel provider, is not
diverse — except for gender (German-speaking, relatively young and well-educated compared to
the German population). Future studies should take into account cultural and sociodemographic
differences in the acceptance of AI-systems providing science-based information [Greussing et al.,
2025]. In addition, while our study is focused on trustworthiness ascriptions to an information
source as important antecedent of behavioural outcomes [Niederdeppe et al., 2025],
future research should examine whether trust and credibility evaluations translate into
such consequences. Potential extensions include assessing users’ willingness to follow
AI-generated recommendations, to share chatbot-provided information, or to rely on
such systems for repeated health-related decision-making, thus contributing to a more
comprehensive understanding of the societal impact of AI-based communication in health
domains.


13  Conclusion

Our two experimental studies provide detailed insights into how users evaluate AI-based chatbots
acting as intermediaries for health information. Both studies point to some scepticism towards
chatbots; directly revealed in the first study and indirectly in the second study where a preference
for human scientists as communicators was found. Nevertheless, the observed differences in
perceived trustworthiness and information credibility between scientists and chatbots were rather
modest, suggesting that these gaps may narrow as familiarity with AI tools increases.
Conceptually, this study extends research on trust and credibility in science-based communication
about a health topic by applying established evaluation frameworks to AI-based communicators.
The findings indicate that perceived objectivity operates as a key heuristic in evaluations of
both human and machine sources, but the perceived objectivity of machines does not
compensate for the advantages associated with human scientists. The finding that a
dynamic presentation of information is perceived as more objective than a static one,
regardless of the source, underscores the importance of considering underlying cognitive
processes.


Moreover, the limited effectiveness of disclaimers highlights the boundaries of transparency-based
approaches to shaping trust in AI-mediated communication of health information. From a
practical perspective, speaking to science communicators and platform designers, these results
point to the need to complement AI-generated information with cues of human expert oversight
rather than relying solely on generic transparency disclosures. While explainable AI remains
important [Shin, 2021], explanations about training data quality may be more effective when
embedded in interactive dialogue rather than presented as static disclaimers [Schmid & Wrede,
2022]. These findings are also relevant for policymakers concerned with the governance of
AI-mediated science and health information, as they highlight limits of disclosure-only
approaches.
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Notes



1. Note that we have adjusted the numbering of the hypotheses compared to the pre-registration.
Also, in this paper, we do not present all dependent variables pre-registered. Please see the OSF
for these additional analyses.
2. At the time of data collection, no validated instrument measured
trustworthiness for humans and AI alike. We therefore used the METI [Hendriks et al., 2015],
an established scale capturing expertise, integrity, and benevolence, which allows for
assessing differential effects across trust dimensions. Supporting its applicability, Jonas
et al. [2025] demonstrate that these dimensions also map perceptions of AI chatbot
trustworthiness.
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