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Abstract

As artificial intelligence (AI) technologies become increasingly in-
tegrated into decision-making processes, understanding how users
develop trust in these systems is essential. While prior research has
examined isolated factors such as transparency or system perfor-
mance, less is known about how trust is shaped by the combined
influence of narrative framing, task type, application domain, and
individual user characteristics. This study investigates these dimen-
sions through a preregistered online experiment (N = 280) employ-
ing a 3 (narrative: human-centred, technical, control) x 2 (task type:
generative, recommendation) x 3 (domain: healthcare, insurance,
relationships) mixed factorial design. Participants were presented
with a narrative introduction to a hypothetical Al system and asked
to evaluate its trustworthiness, perceived utility, and likelihood of
adoption across multiple scenarios. Results showed that narrative
framing alone had minimal impact on trust, suggesting that brief
descriptions may be insufficient to shape user attitudes. In contrast,
both domain and task type significantly influenced trust: Al systems
used in insurance and healthcare were trusted more than those in
personal relationships, and recommendation systems consistently
outperformed generative ones in user evaluations. These findings
highlight the importance of contextual and individual factors in
fostering appropriate trust in AL
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1 Introduction

As Al systems become more advanced, they also grow more opaque,
making their decision-making processes harder to interpret and
trust. This “black box problem” limits transparency and raises eth-
ical concerns [1, 8, 44], even as explainability tools continue to
evolve [5, 26]. However, trust in Al is shaped by more than just
transparency. It also depends on the context of use, the type of
system, and the user’s background. For instance, healthcare and
education applications often inspire greater trust than domains like
surveillance or online dating [15, 40]. Likewise, generative Al may
evoke empathy or creativity, while recommendation systems are
typically judged by their accuracy and reliability [6, 12]. Individual
differences—such as Al literacy, prior experience, and attitudes to-
ward automation—further influence how users assess Al systems
[22, 37]. These perceptions are also shaped by broader cultural nar-
ratives and the ways people imagine and interpret the role of Al in
their lives [9, 33].

Despite increasing scholarly interest in trust in Al, previous re-
search has often examined its key determinants in isolation. This
study addresses these gaps by systematically comparing user trust
between Al types, generative and recommendation, while account-
ing for the effects of narrative framing (human-centred vs. technical)
and application domain (healthcare, insurance, or relationships).
Specifically, it investigates how these factors interact to shape user
perceptions of trustworthiness, comfort in disclosing personal in-
formation, and willingness to recommend the Al system.

By investigating these interactions, this research contributes
to both theoretical understanding of trust formation in human-AI
interaction and practical knowledge for designing Al systems that
engender appropriate levels of trust across diverse contexts and
user populations. As Al continues to permeate critical domains,
understanding the nuanced dynamics of trust becomes increasingly
essential for responsible development and implementation.

2 Related Work
2.1 Al as aBlack Box

Al systems are becoming more complicated, making them challeng-
ing to understand [8]. This lack of transparency makes it difficult
to assess whether Al systems align with human values and inter-
ests, as trust fundamentally requires understanding how and why
decisions are made, not merely system reliability [38].
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Although Explainable AI (XAI) offers potential pathways toward
greater transparency [5, 26], neural networks models have been
criticized for their black-box nature, where only inputs and outputs
are immediately accessible, creating ethical challenges that must
be addressed due to their inherent lack of transparency [39]. The
opacity of “black box” Al systems and algorithms raises ethical and
trust challenges.

2.2 Foundations and Contextual Determinants
of Trust in Al

Trust in Al systems represents a complex, multidimensional con-
struct [16]. Mayer et al. [25] define trust as the willingness to accept
vulnerability based on expectations of another’s actions. This defi-
nition emphasises vulnerability and expectation under uncertainty.
Lee and See [24] describe trust as the belief that an agent will
support one’s goals amid uncertainty and vulnerability.

Trust in Al is highly context-dependent. Fast and Horvitz [15]
show that public perceptions differ by domain—positive in health-
care and education, but more fearful in warfare and surveillance.
Studies highlight that trust hinges more on application context
than technical accuracy [27, 30]. In healthcare, transparency and
accountability are key due to ethical concerns [37], while in educa-
tion, chatbots seen as caring foster greater disclosure [32]. Yan et al.
[41] developed a definition drawing upon trustworthy character-
istics, conceptualising trust as "a party’s belief in an application’s
ability to fulfill a task as expected", emphasising dependability, se-
curity, and usability. This definition aligns with [12] identification
of two core dimensions of Al trust: human-like trust (empathy and
intention) and functional trust (competence and reliability).

Narrative framing plays a crucial role in shaping these dimen-
sions, with Pataranutaporn et al. [31] demonstrating that priming
users with different beliefs about an AI’s inner motives significantly
alters perception of trustworthiness, empathy, and effectiveness.
In interpersonal domains like dating, these effects become particu-
larly pronounced: Wu and Kelly [40] Al-generated dating profiles
were seen as equally attractive but notably less trustworthy. Simi-
larly, Dekkal et al. [13] show in the insurance sector that perceived
usefulness and ease of interaction drive trust in chatbots, while
technology-related anxiety can significantly lower adoption inten-
tions. These findings underscore trust as a key factor in interactions
across human-technology contexts, not just individuals and organi-
sations [34], robots [11, 21].

2.3 Recommendation versus Generative Al
Systems

Al technology development has evolved along two fundamentally
different paths, with Generative Al and Recommendation Al sys-
tems embodying distinct and contrasting approaches to artificial
intelligence [2]. Recommendation Al systems utilise data analysis
and machine learning techniques to suggest relevant information to
users by analysing their past behaviour, preferences, and interests
through algorithms such as clustering, collaborative filtering, and
deep neural networks to generate personalised recommendations
[3]. Generative Al, on the other hand, focuses on developing al-
gorithms and models that can generate synthetic data resembling
real-world data [7]. Unlike traditional AI approaches in recom-
mendation systems, generative Al offers significant advantages by
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addressing data sparsity issues through modeling implicit feedback
and creating personalized content tailored to meet diverse user
needs [14].

Different types of Al systems evoke varying levels and types of
trust, with generative systems often appearing more autonomous
and capable of human-like interaction that can foster perceived
empathy (chatbots or voice assistants’ emotional support) and effec-
tiveness (information-seeking) [6, 35]. By contrast, recommender
systems tend to elicit trust based on their perceived rationality and
accuracy [12]. Studies indicate that perceived novelty and human-
likeness of generative systems can intensify emotional responses,
potentially either strengthening or weakening trust depending on
users’ existing beliefs and Al literacy [19].

2.4 Individual Differences: Al Literacy and
Attitudes

Trust evolves dynamically over time through increased familiarity
and knowledge acquisition [17]. Familiarity contributes signifi-
cantly to the development of experiential trust [20] and enables
users to anticipate and interpret the other’s behaviour [10]. More-
over, familiarity fosters trust through previous interactions [18].

This evolving nature of trust is particularly relevant in Al, where
user trust is far from uniform [29]. Zhang and Li’s [45] framework
conceptualises human-technology interaction as a phenomenon in-
fluenced by system characteristics, user traits, tasks, and contextual
factors—elements.

Furthermore, trust is also shaped by the broader cultural and soci-
etal narratives surrounding AI [9], which influence how individuals
interpret, evaluate, and emotionally respond to these technologies
[33]. Researchers identified that expectations and imagined affor-
dances of Al influence users’ perceptions and understandings [28].

3 The study

Before performing our study we formulated four operative hypothe-
ses. These hypotheses were pre-registered on the Open Science
Framework Platform (OSF).

H1: A narration of Al will significantly increase the trustwor-
thiness of Al tools in all applicative contexts with respect to the
control group (absence of narrative introduction to AI). Although
we expect narrations to prime participants to give different ratings,
we did not anticipate a specific direction for this effect.

H2: Participants will give significantly different trust ratings
according to the specific domain in which Al is applied: Al tools
in insurance will be rated significantly more trustworthy than Al
tools applied for medical purposes, which in turn will be rated sig-
nificantly more trustworthy than Al tools applied to relationships.
Al applications raise different user concerns depending on the do-
main [15, 40]. We expected lower trust in emotionally sensitive
contexts (e.g., personal relationships) compared to domains like
insurance, which involve primarily monetary risk. Computational
systems may be seen as better suited for analytical tasks—such as
risk assessment—than for handling personal or emotional matters.

H3: There will be a significant interaction between application
context and narration: human-centered narration will increase the
trustworthiness of Al for medical and relationship applications. At
the same time, a technical narration will increase the trustworthi-
ness of Al for insurance applications. A human-centered narrative
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could prime characteristics that are still generally considered as
missing in Al systems, and thus could positively steer the judgments
of the system in the domains in which we predict (H2) that it would
be trusted less (personal relationships and medical). Conversely, a
technical narrative, in which performance is emphasized using num-
bers and figures (e.g. number of parameters, size of training dataset),
might positively affect trust in domains in which the use of statistics
and numbers are important, such as the insurance domain [31].

H4: Generative Al tools will receive higher trustworthiness rat-
ings than recommendation Al tools. Given the recent hype sur-
rounding generative Al tools and the pervasive narrative that por-
trays them as possessing superior reasoning and precision, and
their more “human-like” interactions, we expected users to view
them as more trustworthy [19].

4 Methods

4.1 Participants

We recruited 280 Italian participants for the study using Prolific
(https://www.prolific.com/), who received a fee of 1.5 GBP for their
participation (approximately 1.79 EURO). The age of participants
ranged between 21 and 67 (M = 33.3,SD = 9.78). The sample was
approximately balanced for gender, with 130 females (46.4%), 148
males (52.9%) and 2 participants who reported “other” or chose not
to disclose their gender. Concerning education, 38.2% of participants
have a high-school or vocational diploma (N = 107), 25.4% a bach-
elor’s degree (N = 71), 27.1% a master’s degree (N = 76), and 8.2%
a PhD or a postgraduate degree (N = 23). Three participants have
only a middle school diploma (1.1%). After being informed about
the study procedure, data conservation/treatment, and right to with-
drawal, participants were directed to an online questionnaire imple-
mented in the PsyToolkit platform (https://www.psytoolkit.org/).
Before completing the questionnaire, they had to provide explicit
consent to participate in the study. The study was approved by the
Ethical Review Board of the University of Siena (act n. 12/2025).

4.2 Design and procedure

An experiment was conducted with a mixed 3x2x3 factorial de-
sign. We manipulated between-subjects the text presented to three
groups of participants (Narrative about Al: human-centered, techni-
cal and control), and collected ratings about different Al applications
in 6 scenarios deriving from the combinations of the levels of the
within-subject factors Task type (two-level - generative and rec-
ommendation) and Domain (three-level - medicine, insurance and
intimate relationships).

Participants were randomly assigned to one of the three Narra-
tive conditions. The presentation order of the scenarios was counter-
balanced across participants with a 6x6 Latin square. Every scenario
of the Narrative variable was accurately and equally informative,
with the same length and number of arguments proposed. A pre-
test of the three narratives was conducted before the experiment,
with a different sample of participants (students). The text of the
3 Narratives scenario and Task-Domain scenario descriptions are
reported in Supplementary Material 1.

The questionnaire consisted of three stages. In the first stage, we
requested socio-demographic information (Prolific ID, gender, age,
degree), interest in Al (“How interested are you in learning more

ECCE 2025, October 07-10, 2025, Tallinn, Estonia

about AI?”) and self-assessed self-efficacy in Al text comprehension
(“How well do you believe you can understand a text on AI?”).

In the second stage, participants were randomly assigned to one
of three scenario descriptions of a hypothetical Al system: history
and development, technical characteristics and abilities, or control.
In the history and development narrative, we shared the story and
progression of Al from the beginning until today, highlighting the
key stages and innovations. In the narrative of characteristics and
abilities, we provided an overview of Al performance in linguistic
and cognitive tasks. Lastly, in the control narrative, we presented
the recipe for the famous dessert “Tiramisu, " including detailed
explanations (with no mention of Al). The length and complexity
are balanced across the scenarios. Three questions follow each
scenario to assess comprehension level, the length, and the interest
aroused by the text on a 5-point Likert scale ranging from “Very
few” to “Very much". A comprehension check followed, requiring
at least four correct answers out of six; otherwise, participants
repeated the second stage.

In the third stage, participants read six text-based scenarios
combining task and domain variables (Task x Domain), presented
in counterbalanced order. Each scenario began identically and asked
participants to imagine interacting with the Al They then rated
trust, compliance, likelihood of recommending, and willingness
to disclose using 7-point Likert scales (1 = “Not at all”; 7 = “Very
much”), each on separate trials.

5 Results

5.1 Design and group equivalence checks

We initially analysed participants’ characteristics across the between-
subjects condition. Neither age nor any of the Al attitude and
literacy variables differed significantly across groups (all ps be-
tween .16 and .87), nor for interest in the narrative topic (Al or
making desserts) and self-efficacy for understanding the narrative
scenarios. The results showed that there was no difference in the re-
ported interest in learning about Al in the two experimental groups
(Mpyman = 549,5D = 1.26; Myecp = 5.65,SD = 1.18;p = .71) and
that the interest in learning about Al for both groups was signif-
icantly higher than the self-reported interest for learning about
of making dessert (M¢onsror = 4.85,SD = 1.56). No difference was
found between the groups in the self-reported efficacy (p = .133).
No differences were found in the ratings about the length of the
texts (p = .28), but both the comprehensibility (p < .001) and the
interestingness (p < .001) judgments varied significantly across
narratives. Comprehensibility was lowest for the technical narrative
(M =3.22,5D = 1.07), significantly lower than for the human nar-
rative (M = 4.18,SD = 0.82,p < .001) and for the control narrative
(M =4.58,SD = 0.67, p < .001), which, in turn, was rated as signif-
icantly more comprehensible than the human narrative (p = .005).
Concerning the ratings for interestingness, the results showed that
they were significantly lower for the technical narrative (M = 3.35,
SD = 1.09) than for the other narratives (Mpy;mqn = 3.88,SD =
0.98,p < .001; Meopnsror = 3-8,SD = 0.93, p = .007), which were not
rated as significantly different from each other (p = .84).

5.2 Tests of the research hypotheses

We analysed the data using linear mixed-effects models (LMM),
fitting a different model for each dimension of Al perception (trust,
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willingness to comply with recommendations, likelihood of recom-
mending the system, willingness to disclose the use of the system).
In all the models, we included Narrative, Task type and Domain
and their interactions as fixed effects. Sum coding was used for the
categorical variables.

In Table 1 are reported the results of the tests of the main effects
and interactions for all the fitted models. The full set of parameters
estimated in the analyses is available as Supplementary Materials
2. For all the dependent variables, the results showed significant
main effects of Domain and Task type (all ps < .001). A significant
Task x Domain interaction was found for willingness to disclose
the use of Al, and, marginally, also for trust and compliance. A
marginally significant effect of Narrative was found for compliance
only. Among the covariates, attitude toward AI (ATAS-4) was signif-
icantly and positively associated with all the dependent variables
(Btrust = 0.50, Bompl = 0.47, Brecom = 0.49, Byyser = 0.41, allps <
.001). The level of Al awareness (AILS-A) was significantly and
negatively associated with trust (B = —0.15) and, marginally, also
to compliance (B = —0.14) and likelihood of recommending the
system to others (B = —0.15). No other main effects or interactions
were significant in the analyses.

Regarding the marginally significant effect of Narrative on the
willingness to comply and use the systems outcomes, pairwise com-
parisons of the marginal means showed no significant differences
between the control condition (M = 4.3, SE = 0.089) and the human
narrative (M = 4.25, SE = 0.088, p = .898) or the technical narrative
(M = 4.51,SE = 0.087,p = .238) conditions. The mean scores in
the technical narrative condition tended to be higher than in the
human narrative condition, but the difference was only marginally
significant in the pairwise comparison (p = .097).

Pairwise comparisons of the marginal means as a function of
Domain (averaging across task types) revealed a similar pattern for
all the variables. The lowest mean scores were found in the domain
of personal relationships, and were significantly lower than in the
other two domains (all ps < .001), and highest in the insurance
domain, significantly higher than in the medical domain (p < .05).
When the analyses were repeated separately for the different types
of tasks, the results showed that this pattern was significant for all
the dependent variables for recommendation tasks (all ps < .001),
and also for generative tasks with the only exception of willingness
to disclose the use of Al For this variable, in fact, the scores for the
relationships domain were significantly lower than for the other do-
mains (p < .001), and no significant difference was found between
the scores for the insurance and medical domains (p = .338).

Concerning the effect of Task type, the results showed that for
all the variables, the scores (averaged across domains) were sig-
nificantly higher for recommendation tasks than for generative
tasks. However, when we followed-up the significant interactions
by analysing the simple effects of Task type for the different do-
mains, the results showed that for the personal relationships domain
generative systems received significantly lower scores than recom-
mender systems for all the variables (all ps < .001), while no task
differences were found in the medical domain (p > .117). For the
insurance domain, instead, the results showed for generative tasks
lower trust in the app (p < .001), lower likelihood of recommend-
ing its use to others (p = .002) and willingness to disclose its use
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(p < .001) than for recommendation task, and no differences across
task types for compliance (p = .159).

6 Discussion

The study tested whether narrative descriptions of an Al system
influenced trust, use, recommendation, and disclosure. First of all
(H1), we predicted that a narrative description could increase the
trust in Al application and its outcomes, as compared to the control
group [12, 31, 33]. Data did not support this hypothesis. No narrative
significantly outperformed the control. While cognitive load from
technical texts might explain slight differences, overall, narratives
had minimal impact on trust and use.

Hypothesis 2 (H2) predicted that trust would vary by domain:
highest in insurance, followed by medical, then personal relation-
ships. This pattern was confirmed: trust, compliance, and recom-
mendation ratings significantly differed across domains, with in-
surance and medical scoring above the midpoint, and relationships
below. Only willingness to disclose did not differ significantly be-
tween insurance and medical. These results align with prior studies
showing higher trust in pragmatic domains like healthcare and
insurance, and lower trust in emotionally sensitive areas like dating
or personal relationships [13, 15, 40].

We also predicted (H3) a significant interaction between appli-
cation context and narrative description, and specifically that a
human narrative of the Al would increase trust in the relationship
and medical domain, while a technical narrative would increase it
in the insurance domain. These predictions were not confirmed in
the analyses, which did not find a significant interaction between
domain and narrative for trust or the other variables.

Hypothesis 4 (H4) proposed that generative Al tasks elicit more
trust than recommendation tasks, given recent hype around sys-
tems like ChatGPT and their success in various domains [4, 36].
However, results showed the opposite in both the insurance and
personal relationships domains. This may reflect users’ greater fa-
miliarity with recommender systems, which are widely embedded
in everyday tools like streaming platforms and social media. Ac-
cording to the mere exposure effect [43], familiarity fosters positive
attitudes. Moreover, while generative Al dominates media narra-
tives, it is also associated with fears about job loss and existential
risks [23]. Supporting our findings, a recent study found that trust
was highest for recommendation tasks across 25 Al applications
[42]. Interestingly, in the medical domain, no task-type differences
emerged—possibly because the generative task (creating a diet plan)
was perceived as similar to a recommendation.

6.1 Limitations

This study has several limitations. First, the number of tasks and
domains was small —participants rated only one recommendation
and one generative task per domain— limiting generalisability and
raising the possibility that results reflect stimulus-specific effects.
Future studies should include a broader range of tasks and do-
mains to clarify effects, especially in the medical domain where
task differences were absent. Second, the sample size may have
been insufficient to detect interactions between narrative and do-
main, particularly given the minimal main effects. Although the
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Table 1: Results of the tests of main effects and interactions in the LMMs for each dependent variable

Trust Compliance = Recommend Disclosure
Effect F p F p F P F p
Task 24.15 <001 13.10 <.001 25.89 <.001 5185 <.001
Domain 208.38 <.001 21331 <.001 196.83 <.001 245.48 <.001
Narrative 1.60 .203 2.39 .093 1.49 226 0.49 611
Task x Domain 241 .090 291 .055 1.71 182 11.71 <.001
Task x Narrative 1.37 254 0.24 .786 1.81 164 0.24 784
Domain x Narrative 0.25 912 0.58 679 1.16 330 0.45 775
Task x Domain x Narrative 0.70 .590 0.54 .703 1.72 .144 0.66 .623
Task type gen rec
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Figure 1: Plots of the marginal means for the ratings of (A) Trust, (B) willingness to to adopt the Al solutions, (C) likelihood of
recommending the Al to others, and, (D) willingness to disclose use of the AI to others, as a function of Domain and Task type.

design targeted 90% power for small-to-moderate effects, assump-
tions about correlations may have led to reduced power. Lastly, all
participants were Italian, limiting cross-cultural generalisability,
especially given varying levels of Al exposure across populations.

6.2 Conclusion

This study examined how narrative framing, task type, and ap-
plication domain influence trust in Al Results showed that brief
descriptions—whether technical or human-centered—did not signif-
icantly affect trust or use compared to a control, suggesting limited
impact of surface-level framing. However, trust clearly varied by
domain (highest in insurance, then medical, then relationships) and
was greater for recommendation tasks. These findings highlight

the importance of context in shaping Al trust. Promoting AI under-
standing through targeted education and training could enhance
user confidence and adoption across domains.
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