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Generative artificial intelligence (GenAl) is increasingly embedded in academic work, yet its opaque processes
and the possibility of misleading outputs make reliance on these tools inherently risky. Building on trust theory
and stimulus-organism-response (SOR) logic, we examine how perceived accuracy shapes researchers' intention
to use GenAl, and whether this relationship operates through trust and varies by users' experience. Across two
online studies with researchers (total N = 402), we test a moderated mediation model in which accuracy cues
(stimulus) influence trust in GenAl (organism), which in turn predicts usage intention (response), with famil-
iarity/experience moderating the trust-intention link. Study 1 used a three-wave longitudinal design with one-
week time lags (N = 232), temporally separating perceived accuracy (T1), trust (T2), and usage intention (T3).
Results were consistent with (a) a positive association between perceived accuracy and trust, (b) an indirect
association between perceived accuracy and usage intention via trust, and (c) a negative interaction showing that
the trust-intention relationship weakened as familiarity/experience increased. Study 2 conceptually replicated
these findings using a vignette experiment manipulating accuracy of ChatGPT recommendations (N = 170): the
accuracy manipulation increased trust, and trust predicted usage intention; the indirect effect via trust was
moderated by experience. Together, these findings suggest that trust is a key psychological mechanism through
which accuracy cues are linked to researchers’ intentions to use GenAl in academic work, while highlighting
experience as a boundary condition: trust functions more like a heuristic for novices and becomes less relevant as
experience grows.

1. Introduction some researchers resist its use, while others integrate it into everyday

workflows (Panda & Kaur, 2024; Watermeyer et al., 2024). Because

The increasing availability of generative artificial intelligence
(GenAlI) has begun to reshape research and academic practice. GenAl
tools are changing how researchers access information, draft manu-
scripts, and engage with scholarly content, supporting tasks such as idea
generation, literature review, reference management, and data analysis
(Burger et al., 2023; Imran & Almusharraf, 2023; Khlaif et al., 2023;
Waduge et al., 2024). Recent work documents broad and growing in-
fluence of GenAl across many areas of research activity (Barros et al.,
2023; Lee et al., 2024; Nguyen et al., 2024; Panda & Kaur, 2024; Van
Quaquebeke et al., 2025). At the same time, GenAl outputs can be
inaccurate or misleading (e.g., hallucinated citations, erroneous sum-
maries), creating epistemic and practical risks that users must manage
(Lorenz et al., 2024; Naik et al., 2024; Sun et al., 2024).

GenAl is not adopted uniformly across the scientific community:

many GenAl processes are opaque and error-prone, decisions to rely on
them often hinge on trust (Glikson & Woolley, 2020; Omrani et al.,
2022). Indeed, prior work identifies trust as an important driver of Al
adoption (Glikson & Woolley, 2020; Hoff & Bashir, 2015; Kaplan et al.,
2023; Omrani et al., 2022), while trust itself is informed by cues about
system performance and accuracy (Glikson & Woolley, 2020; Kaplan
et al., 2023; Yu et al., 2018).

Theoretically, trust helps users cope with uncertainty and compen-
sate for limited ability to predict outcomes (Chiu et al., 2012; Glikson &
Woolley, 2020; Mayer et al., 1995). This suggests that trust may be
particularly important for shaping usage intentions among
less-experienced users who cannot reliably evaluate GenAl outputs
themselves, whereas more experienced users may depend less on trust
when deciding whether to use GenAl. Although investigation of
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experience as a moderator of the trust — usage intention link is sparse,
prior findings point to reduced dependency on trusting beliefs as users
gain experience (Chiu et al., 2012; Lankton et al., 2012).

In two studies (Study 1: a three-wave longitudinal observational
design; Study 2: a conceptual replication that manipulates accuracy via
vignettes), we examine a moderated mediation model in which
perceived accuracy is linked to intention to use GenAl via trust, and in
which user experience moderates the strength of the trust-usage
intention path. This research contributes to theory and research on Al
usage intentions in two ways. First, we theorize and test perceived ac-
curacy as an antecedent of behavioral intention through its relationship
with trust, thereby recentering trust as a mediator that links specific
system qualities to intentions to use GenAl—consistent with the stim-
ulus—organism-response (SOR) model (Mehrabian & Russell, 1974). We
argue that accuracy cues are relevant predictors of trust and usage
intention in research contexts because accuracy can be central to
whether a tool is considered a reliable partner in knowledge production
(Van Quaquebeke et al., 2025). Second, by modelling experience as a
moderator of the trust-usage intention relationship, we propose that
trust may function like a heuristic for novices and become less central as
evaluative competence grows, which invites future research on over-
reliance and unwarranted trust among inexperienced users.

Practically, the study examines accuracy feedback and trust as
actionable points for intervention—measures that developers, univer-
sities, and research institutes could consider when designing deploy-
ment, governance, and training strategies for GenAl in research settings.
Because we explicitly test whether the influence of trust on usage
intention varies with prior experience, the project aims to provide an
empirical basis for thinking about segmented interventions (e.g., taking
measures to increase experience before trust; not emphasizing trust
among experienced users) and motivate future work on when trust
should be limited to protect research integrity.

2. Theoretical background
2.1. Opportunities and challenges of using GenAl in research

Generative Artificial Intelligence (GenAl) refers to advanced Al
systems capable of producing varied forms of content—such as text,
images, music, and other media—based on limited input data. These
technologies leverage deep learning techniques, especially neural net-
works trained on vast datasets, to learn complex patterns and generate
new outputs (McIntosh et al., 2025; Sengar et al., 2024). The most
prominent GenAl applications in everyday and professional contexts are
large language models (LLMs) such as ChatGPT, which are increasingly
integrated into education, research, and professional practice (Bobula,
2024; Van Quaquebeke et al., 2025). While ethical and practical con-
cerns about the use of GenAl persist, there is broad agreement that these
systems will influence how knowledge is produced and used. Recent
surveys highlight the role of LLMs in idea generation, hypothesis dis-
covery, methodological planning, data analysis, scientific writing,
publication decisions, and peer review, indicating support across the
entire research cycle (Biyela et al., 2024; Bobula, 2024; Dadkhah et al.,
2024; Harries et al., 2025; Van Noorden & Perkel, 2023; Van Quaque-
beke et al., 2025; Waduge et al., 2024). Scholarly work has shifted from
questioning whether GenAl will matter to examining how it is trans-
forming existing practices and which safeguards are needed to guide its
development and deployment (Bordas et al., 2024; Kansal, 2024;
MclIntosh et al., 2025; Seetra, 2023; Van Quaquebeke et al., 2025).

Despite this potential, the use of GenAl presents notable limitations
and risks for researchers across fields, primarily due to the possibility of
false, misleading, or low-quality outputs. Reviews in higher education
and professional domains warn that LLMs can propagate misinforma-
tion, introduce subtle inaccuracies, and blur boundaries around
authorship and accountability if used uncritically (Bobula, 2024; Van
Quaquebeke et al., 2025). Users may encounter Al “hallucinations”,
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where responses contain fabricated or erroneous information presented
with unwarranted confidence—for example, non-existent citations or
misattributed findings, inaccurate summaries that add content not pre-
sent in the source texts, or errors in generated data-analysis code that
can lead to incorrect interpretations (Lorenz et al., 2024; Naik et al.,
2024; Sun et al., 2024; Thorne, 2024). These concerns align with
broader calls in the GenAl literature to attend to ethical implications,
transparency, and the potential for harmful or misleading content
(Dowling & Lucey, 2023; McIntosh et al., 2025; Sengar et al., 2024; Van
Quaquebeke et al., 2025). Consequently, researchers are advised to treat
GenAl as an assistive tool whose outputs must be critically assessed,
verified against primary sources or alternative methods, and embedded
within robust research and educational practices (Dowling & Lucey,
2023; Mclntosh et al., 2025; Sengar et al., 2024; Van Quaquebeke et al.,
2025).

In conclusion, although GenAl is a powerful research tool with
rapidly expanding applications, it remains at a stage where careful
implementation, institutional guidance, and human oversight are
essential to harness its benefits while maintaining academic integrity.
Because GenAl outputs can be variable in quality, researchers must
decide when and how far to rely on them. This decision, in turn, may
depend on whether they trust the system's outputs and the conditions
under which it is deployed. In the next section, we examine the factors
that build trust in GenAl and its critical role in shaping researchers'
intention to use GenAl in their work.

2.2. Understanding the relevance of trust in GenAl

Trust is commonly defined as a directional relationship between two
parties in which one party (the trustor) is willing to accept vulnerability
to the actions of another (the trustee), based on the expectation that the
trustee will act in ways that are beneficial or at least not harmful. In this
sense, trust facilitates coordination and collaboration but always entails
risk and uncertainty for the trustor, who cannot fully control or predict
the trustee's behavior (Das & Teng, 2001; Jacovi et al., 2021; Misztal,
2013). For example, when a researcher relies on text generated by a
GenAl application, they expose themselves to the risk that the output
may contain false information. Crucially, this possibility of undesirable
consequences must be recognized by the researcher; without an
awareness of potential harm, reliance would reflect blind faith rather
than trust (Jacovi et al., 2021).

Because humans have limited cognitive and affective resources, they
cannot scrutinize every decision or piece of information in depth. Under
these constraints, trust often functions as a mental heuristic or shortcut
that allows interaction with complex systems to feel manageable, pre-
dictable, and worthwhile (Lukyanenko et al., 2022). Trust helps in-
dividuals move from constant monitoring and evaluation to a state in
which they can proceed “as if” the trustee will behave appropriately,
reducing the perceived need for continuous checking and control.

Research on interpersonal and organizational trust typically distin-
guishes between cognitive and affective trust. Cognitive trust refers to
confidence in another's competence, reliability, and predictability,
developed through accumulated knowledge of their behavior and per-
formance over time (McAllister, 1995; Rempel et al., 1985). Affective
trust, in contrast, is grounded in emotional bonds, perceived benevo-
lence, and a sense of mutual care. It reflects the belief that the other
party is concerned about one's welfare, not just capable or reliable.
Applied to GenAl, cognitive trust is built when the system appears
tangible, transparent, and consistently reliable in its outputs, whereas
affective trust may arise more indirectly—through anthropomorphic
design, perceived “honesty” in how limitations are communicated, or
the sense that the system follows rules that align with the user's values
(Glikson & Woolley, 2020; Riley & Dixon, 2024).
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2.3. The relationship between perceived accuracy and the intention to use
GenAl

The research model investigated in the two studies is shown in Fig. 1.
A central relationship in major technology-adoption models such as the
Technology Acceptance Model (TAM) and the Unified Theory of
Acceptance and Use of Technology (UTAUT) is the link between ex-
pected performance gains and usage intentions. In TAM, perceived use-
fulness refers to the belief that a system improves one's job performance
(F. D. Davis, 1989). In UTAUT, performance expectancy similarly captures
the belief that using the system helps users achieve better outcomes or
higher productivity performance (Venkatesh et al., 2003). Both con-
structs are consistently among the strongest predictors of intention to
use a technology, and this pattern has also been found for GenAlI (Baig &
Yadegaridehkordi, 2025; Mun & Hwang, 2025; Zhang & Wang, 2025).

At the same time, for research work, “better performance” is not only
about speed or convenience, but also about the epistemic quality of out-
puts (Van Quaquebeke et al., 2025). Perceived accuracy is conceptually
distinct from both performance expectancy/usefulness and trust. Per-
formance expectancy or usefulness concerns whether GenAlI helps users
perform their work more effectively or efficiently. Perceived accuracy,
by contrast, concerns whether the system's outputs are judged to be
correct and dependable. A GenAl tool may save time or support pro-
ductivity while still generating inaccurate summaries, misleading in-
terpretations, or false citations. Thus, perceived accuracy is not simply a
sub-facet of performance expectancy/usefulness, but a conceptually
separable judgment that may be especially relevant in domains where
correctness is central to the task. At the same time, perceived accuracy is
also distinct from trust. Accuracy reflects a judgment about the quality
of the system's outputs, whereas trust reflects a willingness to rely on
those outputs under conditions of uncertainty (Afroogh et al., 2024). We
therefore position perceived accuracy as a system-quality cue that in-
forms trust.

In the current research, we frame perceived accuracy as users' belief
that GenAlI will produce correct results for research-relevant tasks (e.g.,
summarizing literature, generating explanations, proposing analyses)
under typical use conditions. We intentionally frame this as a task-
contextual belief (accuracy for the kinds of tasks researchers use GenAl
for), rather than a purely abstract belief about the tool in general. Prior
work supports treating accuracy-related evaluations as a distinct
construct: in fitness wearables, perceived accuracy is empirically sepa-
rable from performance expectancy and can mediate its effect on
adoption intentions (Rana et al., 2024). Relatedly, human-AI research
shows that communicating an algorithm's accuracy calibrates users'
expectations and can shape acceptance (Do et al., 2023). For re-
searchers, inaccurate GenAl outputs can directly threaten the validity of
conclusions and damage credibility; therefore, when GenAl outputs are
perceived as accurate, researchers have stronger reasons to integrate the
tool into their work. Hence, we propose:

H1. Perceived accuracy is positively related to the intention to use
GenAlL

2.4. The mediating role of trust in GenAl

We anticipate that trust in GenAl will play an essential mediating
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role in the relationship between perceived accuracy and usage intention.
The degree to which trust in GenAlI is established depends on users'
perceptions of the system's trustworthiness (Afroogh et al., 2024; V. L.
Cui et al., 2025; Glikson & Woolley, 2020). Because the actual trust-
worthiness of Al systems cannot be directly observed, it is inferred from
cues. Such cues include interface design, transparency about model
uncertainty, the apparent quality and coherence of individual outputs,
and any rationale or explanation provided for recommendations
(Afroogh et al., 2024; van der Werff et al., 2021). Accuracy-related cues
may arise subjectively through users' own interactions with the tech-
nology or be provided externally through evaluations and feedback on
output quality (Schlicker & Langer, 2021). We propose trust as the
psychological mechanism through which perceptions of accuracy
become a willingness to accept vulnerability to the system's outputs.
Perceived accuracy reflects an assessment that the system's outputs are
likely to be correct. Trust, in turn, reflects the willingness to accept
vulnerability by depending on those outputs despite uncertainty.
Accordingly, we theorize perceived accuracy as an antecedent
system-level cue that contributes to trust. When users observe that a
GenAl system produces accurate content, they may become confident in
its competence and more willing to accept vulnerability in relying on its
suggestions or decisions (Y. L. Cui et al., 2025; Jacovi et al., 2021;
Kaplan et al., 2023; Xu et al., n.d.). Conversely, visible inaccuracies
undermine cognitive trust and increase the perceived need for external
verification. Thus, in the context of GenAl, accuracy-related cues are not
merely desirable system attributes; they are key psychological inputs to
the formation and calibration of users' trust.

Studies consistently identify trust as a central predictor of intention
to use Al in general (Choung et al., 2023; Dingel et al., 2024; Reinhardt
et al., 2025; Wissawaswaengsuk et al., 2025) and GenAl in particular
(Cao & Peng, 2024; Mun & Hwang, 2025). When users trust GenAl, they
are prepared to act on its suggestions and integrate its content into their
work, thereby turning perceived accuracy into a concrete intention to
use the technology. This perspective aligns with the SOR theory, where
perceived accuracy (stimulus) influences internal states like trust (or-
ganism), which in turn drive behavioral outcomes such as the intention
to use (response) (Mehrabian & Russell, 1974). Additionally, this logic
closely mirrors foundational trust models in information systems, in
which users' beliefs about a system's ability or competence are a primary
basis for trust, and trust in turn drives trusting behaviors (McKnight
et al., 2002). Building on this reasoning and previous research, we
hypothesize:

H2. The relationship between perceived accuracy of GenAl and the
intention to use GenAl is mediated through trust in GenAlL

2.5. The moderating role of experience

Experience may diminish the influence that trust has on the intention
to use a technology for two reasons. First, trust may reflect an anchoring
belief that loses relevance with increasing experience. This idea reso-
nates with work on the TAM, which applies the anchoring and adjust-
ment framework from human decision making to technology adoption.
According to this view, individuals initially form perceptions of a system
based on broad cognitive anchors derived from their general beliefs
about technology. With increasing experience, users adjust these

Experience with GenAl

GenAl accuracy

Trust in GenAl —

GenAl usage intention

Fig. 1. The research model.
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perceptions based on direct interaction, and the influence of such
anchoring beliefs on key evaluations diminishes (Mussweiler & Strack,
2001; Venkatesh, 2000; Venkatesh & Bala, 2008; Wansink et al., 1998;
Yadav, 1994). Applied to GenAl, this suggests that trust may be partic-
ularly influential when users have limited direct knowledge of the sys-
tem and must act under uncertainty. As experience accumulates, users
gain clearer feedback about the system's strengths and limitations, can
rely more on their own evaluations of performance, and therefore
depend less on trust as a substitute for unknowns (Chiu et al., 2012;
Earle & Siegrist, 2006; Lankton et al., 2012; Siegrist & Cvetkovich,
2000).

Second, increasing experience may not simply reduce reliance on
trust, but may also make trust more calibrated. In this case, experienced
users may still trust GenAl, but in a more differentiated and conditional
way that is tied to particular tasks, contexts, or levels of risk. A general
trust judgment should become less predictive of overall usage intention
as experience grows—not because trust disappears, but because it be-
comes more bounded and context-sensitive (McDermott & ten Brink,
2019). Thus, experience may weaken the trust-usage intention rela-
tionship either because users substitute direct evaluation for trust, or
because they rely more on calibrated trust than overall generalized trust.
In both cases, we expect that the predictive power of general cognitive
trust for explaining behavioral intention will weaken as experience in-
creases. To our knowledge, only one previous study has directly inves-
tigated this question, finding that the influence of trusting beliefs on
continued Facebook use diminishes as users gain experience (Lankton
et al., 2012).

Consistent with prior research that defines familarity as accumulated
experience (Alba & Hutchinson, 1987; Chen et al., 2011), we refer to
‘experience’ as captuaring both subjective familiarity (Study 1) and
subjective experience with a technology (Study 2). Based on TAM's
anchoring and adjustment perspective and previous research, we
propose:

H3. Experience with GenAl moderates the relationship between trust
and the intention to use GenAl for research.

2.6. Overview, transparency, and declaration of generative Al use

To test our hypotheses, we conducted two online studies with a total
sample size of N = 402 participants. In Study 1, we investigated the
relationship between perceived accuracy of GenAl and the intention to
use GenAl for research tasks, considering trust as a mediator. We also
examined how experience with GenAl moderated the relationship be-
tween trust and usage intention. A longitudinal design with a one-week
interval between assessments was employed to test the proposed
moderated mediation model. Study 2 aimed to conceptually replicate
the findings from Study 1. We manipulated accuracy by providing par-
ticipants with vignettes indicating either low or high accuracy of rec-
ommendations generated by ChatGPT to further explore the link
between accuracy and trust. Additionally, we used alternative mea-
surements of trust and experience, following recommendations for
conceptual replication studies (Fabrigar & Wegener, 2016). We again
tested the full moderated mediation model, examining experience as a
moderator in the relationship between trust in ChatGPT and the inten-
tion to use it for research tasks. The studies were not preregistered.

To support transparency, we share the survey materials, analysis
code, and de-identified data at https://osf.io/mven5/overview?
view_only=f476d962840f4b5a81bbba2962a6b34c, enabling reproduc-
tion of all results. Portions of the manuscript text were developed with
assistance from an Al language model (Logically Al Assistant, based on
OpenAl GPT-5.2). The tool was used to support writing and clarity (e.g.,
sentence-level rewriting, improving grammar). All Al-assisted text was
reviewed, verified, and edited by the authors, who take full re-
sponsibility for the content.
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3. Study 1
3.1. Methods study 1

3.1.1. Procedure and participants

After obtaining IRB approval (institution and reference number
blinded for review), we conducted an online study using Qualtrics.
Participants were recruited through Prolific, using specific custom
screeners: highest education level completed (graduate degree such as
MA, MSc, MPhil, or doctorate/PhD), work function (research), and in-
dustry (college, university, adult education, or research laboratories).
We invited eligible participants to complete a brief screener survey to
further identify those who have used Al-powered tools in their work. A
total of 311 participants met the eligibility criteria and were invited to
take part in the main study. We used a three-wave longitudinal design
with a one-week interval between each wave, measuring perceived ac-
curacy and experience (Wave 1), trust (Wave 2), and subsequent usage
intentions (Wave 3) at separate time points to strengthen temporal
ordering. A one-week lag between waves balances the need to capture
relatively rapid changes in perceptions of accuracy and trust against
participant burden and attrition (Dormann & Griffin, 2015).

Participants received £13.24 per hour as compensation for their
participation in each survey. We received completed surveys from 232
participants at T1, 203 at T2, and 186 at T3. The average age of par-
ticipants was 31.65 years (SD = 6.64), with 55.2% identifying as female.
On average, participants had been working in research for 6.88 years
(SD = 5.41).

The majority of participants worked at universities (n = 179, 77.2%),
while the remainder (n = 53, 22.8%) were employed at private or
governmental labs. Participants' roles included PhD students (n = 113,
48.7%), research scientists (n = 48, 20.7%), postdoctoral researchers (n
=41, 17.7%), professors (n = 23, 9.9%), and student research assistants
(n = 7, 3.0%). Most participants conducted research in the Social Sci-
ences (n = 73, 31.5%), followed by Natural Sciences (n = 59, 25.4%),
Engineering and Technology (n = 37, 15.9%), Medical and Health Sci-
ences (n = 34, 14.7%), Business and Management (n = 17, 7.3%), and
other fields (n = 12, 5.2%). Nearly half of the sample dedicated over
80% of their working hours to research tasks (n = 115, 49.6%). We also
inquired about the Al-powered tools used in their research (multiple
answers possible). The most commonly mentioned tool was ChatGPT
(cited 228 times, 56.6%), followed by Gemini (n = 28, 6.9%) and Copilot
(n =23, 5.7%). A comprehensive list of all Al-powered tools mentioned
is available in the Online Appendix https://osf.io/mven5/overview?
view_only=f476d962840f4b5a81bbba2962a6b34c (Table A1).

3.1.2. Measures

3.1.2.1. Perceived accuracy. We used the three-item accuracy subscale
of the information quality scale to measure perceived accuracy of the
recommendations generated by Al tools at T1 (Wixom & Todd, 2005).
The items were rated on a seven-point Likert scale ranging from 1
(strongly disagree) to 7 (strongly agree). One example item is “The infor-
mation provided by Al-powered tools is accurate.” (o = .74).

3.1.2.2. Trust. Trust was measured at T2 with a three-item trust scale
(Shin & Chan-Olmsted, 2023). The items were rated on a seven-point
Likert scale ranging from 1 (strongly disagree) to 7 (strongly agree). One
example item is “I would trust Al-powered tools for research-related
tasks.” (a0 = .85).

3.1.2.3. Behavioral intention to use GenAlL Behavioral intention to use
GenAl for research tasks was measured at T3 with the three-item scale of
the UTAUT (Venkatesh et al., 2003). The items were rated on a
seven-point Likert scale ranging from 1 (strongly disagree) to 7 (strongly
agree). One example item is “I intend to use Al-powered tools for my
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research tasks in the next few months.” (a0 = .95).

3.1.2.4. Experience. Experience was measured at T1 with one item:
“Prior to participating in this study, how familiar were you with the use
of Al-powered tools for research-related tasks?”. Answers were provided
on a five-point Likert scale ranging from 1 (very unfamiliar) to 5 (very
familiar). We used a single-item measure to capture participants’ overall
perceived familiarity with Al-powered tools in a parsimonious way and
to limit participant burden.

3.1.2.5. Control variables. We included age and gender (1 = female, O
= other gender or prefer not to say) as demographic control variables.
The percentage of research-related tasks (e.g., compared to teaching)
could influence the interest in using GenAl for research. Thus, we
considered the percentage of time participants dedicated to research as a
control variable. Individuals in STEM fields may be more exposed to and
familiar with advanced technologies, which might affect their trust and
intention to use GenAl (Venkatesh & Davis, 2000). Additionally, the
workplace, whether a university or a private/governmental lab, might
impact access to resources and institutional support for using innovative
technologies (Mahmood et al., 2001). Accordingly, we assessed the field
of work (1 = STEM, O = other) and the workplace setting (1 = Uni-
versity, O = private or governmental labs) as potential control variables.
Finally, since the acceptance of GenAI may be influenced by perceptions
of general media coverage (D. Cui & Wu, 2021), we controlled for
participants' perceptions of media positivity concerning GenAl. Media
perception was assessed based on a single item (Kleine et al., 2025):
“Which of the following best describes your perception of media
coverage on the use of Al-powered tools for research?”, with answer
options ranging from 1 (overwhelmingly negative) to 5 (overwhelmingly
positive). All control variables were measured at T1.

3.1.3. Data analysis

Statistical analyses were performed with R 4.4.3 (R Core Team,
2025) using the lavaan package (Rosseel, 2012) for structural equation
modeling (SEM). First, a preliminary measurement model (including the
multi-item scales accuracy, trust, and usage intention) was estimated
with a confirmatory factor analysis (CFA) to assess the factor structure
and psychometric adequacy of the measures. Standard errors were
estimated using bootstrap resampling with 1000 iterations. This tech-
nique is effective for providing robust estimates, especially when data
deviate from normality (Shrout & Bolger, 2002). Full Information
Maximum Likelihood (FIML) was employed to handle missing data,
leveraging all available data and avoiding listwise deletion, thus mini-
mizing potential biases (Enders & Bandalos, 2001). Model fit was
assessed using the chi-square test, comparative fit index (CFI >0.90),
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Tucker and Lewis Index (TLI >0.90), root mean square error of
approximation (RMSEA <0.08), and standardized root mean square
residual (SRMR <0.08) (Hu & Bentler, 1999).

Second, for the main analyses, we fit the structural model, examining
how accuracy predicted usage intention both directly and indirectly
through trust, with experience moderating the path between trust and
usage intention. We used 1000 bootstrap replication samples to estimate
95% bias-corrected confidence intervals (BootCIs). To estimate the
interaction between the observed moderator (experience) and the latent
variable (trust) in the moderated mediation model, the product indica-
tor approach (Kenny & Judd, 1984) with the double-mean-centering
strategy (Lin et al., 2010) was used. Effects were considered signifi-
cant if the BootClIs excluded zero. Confirmation of moderated mediation
was based on the index of moderated mediation (Hayes, 2015).

3.2. Results study 1

3.2.1. Descriptive statistics and preliminary results

Table 1 presents the means, standard deviations, and correlations
among the study variables. The model variables were correlated to a
small to moderate extent (e.g., r = .09 for the correlation between
experience and accuracy; r = .43 for the correlation between usage
intention and both trust and experience).

The results of the CFA indicated adequate fit to the data (X2(24) =
43.350, p = .009, RMSEA = 0.06, CFI = 0.98, TLI = 0.98, SRMR = 0.05).
The fit was better than the fit of an alternative model with trust and
usage intention combined as one factor (X2(26) = 268.163, p < .001,
RMSEA = 0.20, CFI = 0.80, TLI = 0.72, SRMR = 0.14). We conclude that
trust and usage intention are distinct from each other, indicating
adequate discriminant validity. The substantially poorer fit of the one-
factor alternative also reduces concern that the observed relationships
were driven primarily by a single common method source. Furthermore,
all standardized factor loadings exceeded 0.4, indicating adequate
convergent validity (Brown, 2015).

3.2.2. Hypotheses tests

As the results did not vary when control variables were included or
excluded, we report findings without them (Bernerth & Aguinis, 2016).
Results with control variables are available in the Online Appendix
(Table A2). Table 2 presents the results of the moderated mediation
model. The overall model fit was adequate (Xz(Sl) =116.00, p < .001,
RMSEA = 0.07, CFI = 0.96, TLI = 0.94, SRMR = 0.06). H1 predicted a
positive relationship between perceived accuracy and usage intention.
Although perceived accuracy was positively related to usage intention at
the zero-order level (Table 1; r = .35, p < .05), in the moderated
mediation model, the direct path from accuracy to usage intention (c)

Table 1
Descriptive statistics and correlations (Study 1).
1. 2. 3. 4. 5 6 7 8. 9, 10
1. T1 Accuracy
2. T2 Trust .33
3. T3 Usage .35 43
4. 4. T1 Experience .09 17 .43
5. Age .03 11 .06 —.02
6. Female gender” .07 -.16 —.04 —-.01 —-.16
7. Perc. research” -.07 —.05 -.07 .06 -.13 .07
8. Field" —-.01 —.03 —.02 —.06 .05 -.20 .18
9. Workplace! —.04 —-.01 —.14 .02 .04 —.02 —.12 -.19
10. Media .08 .05 .03 .10 .01 —.06 —-.07 .04 —.02
M 4.39 4.37 5.94 4.06 31.65 0.55 4.04 0.56 0.77 3.30
SD 1.08 117 1.02 0.80 6.64 0.50 1.20 0.50 0.42 1.03

Note. N = 186-232. All correlations > |0.13| are significant at p < .05. All correlations are based on uncentered variables. Usage = usage intention.

# Code for gender: 0 = male, non-binary, or prefer not to say, 1 = female.

b Code for percentage research: 1 = 0-20%, 2 = 21-40%, 3 = 41-60%, 4 = 61-80%, 5 = 81-100%.

¢ Code for field: 0 = non-STEM, 1 = STEM.
4 Code for workplace: 0 = private/governmental lab, 1 = university.
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Table 2
Results of the structural equation model (SEM) (Study 1).
B SE z p 95%BootCI
Path a: Accuracy — Trust 373 .089 4.212  <.001 [.199,
.547]
Path b: Trust — Usage .353 .074 4.772 <.001 [.208,
.498]
Path ¢’ (direct effect): .166 .097 1.714 0.087 [-.024,
Accuracy — Usage .356]
Indirect: Accuracy — Trust — 132 .042 3.122 0.002  [.049,
Usage .215]
Interaction: Trust x —.281 .097 —2.886 .004 [-.472,
Experience — Usage —.090]
Path b: Trust — Usage; Experience:
Low (one SD below mean .578 111 5.198 <.001 [.360,
= —-0.801) .796]
Medium (mean = 0) .353 .074 4.772 <.001 [.208,
.498]
High (one SD above mean 128 .104 1.240 215 [-.075,
=0.801) .332]
Index of Moderated —.105 .042 —2.476 .029 [-.179,
Mediation —.017]1

Note. N = 232. Usage = usage intention; § = Standardized Beta; SE = Standard
Error; BootCI = Bootstrap Confidence Interval.

was non-significant (95% BootCI [—.024,.356]) once trust and the trust
x experience interaction were included. This finding indicates that
perceived accuracy did not explain additional variance in usage inten-
tion beyond the indirect pathway through trust. Accordingly, H1 was
supported at the zero-order level but not as a direct effect in the full
model. A significant indirect effect of accuracy on usage intention via
trust was observed (95% BootCI [.049,.215]), supporting H2. H3 was
supported as the Trust x Experience interaction predicting usage
intention was significant (95% BootCI [—.472,—.090]), indicating that
the trust-intention relationship weakened as experience increased.
Consistent with this pattern, the conditional indirect effect of accuracy
on usage intention via trust was significant at low and medium, but not
high levels of experience, and the index of moderated mediation was
significant (95% BootCI [—.179,—.017]).

3.3. Discussion study 1

The findings of Study 1 offer partial support for our hypotheses
concerning the relationships between perceived accuracy, trust, and the
intention to use GenAl for research tasks. H1 predicted a positive rela-
tionship between perceived accuracy and usage intention. This predic-
tion was supported at the zero-order level, indicating that researchers
who perceived GenAl outputs as more accurate also reported stronger
intentions to use such tools. However, in the full moderated mediation
model, the direct path from accuracy to usage intention was no longer
significant once trust (and its interaction with experience) was included,
suggesting that perceived accuracy did not explain additional variance
in usage intention beyond the trust-based mechanism.

The results support H2 by showing a mediation pattern in which trust
accounts for the relationship between perceived accuracy and usage
intention, This pattern is consistent with the view that trust functions as
an important psychological process linking accuracy perceptions to
willingness to integrate GenAl into research workflows. The mediating
role of trust aligns with theoretical expectations that trust helps users
manage uncertainty associated with opaque or “black box™” Al systems.

In support of H3, the moderated mediation model revealed a sig-
nificant trust x experience interaction predicting usage intention. As
experience with GenAl increased, the influence of trust on usage
intention weakened. This finding resonates with prior research (e.g.,
Lankton et al., 2012) and suggests that trust may be particularly influ-
ential in earlier adoption phases, whereas more experienced users rely
less on trust when forming intentions to use GenAl.

Despite these insights, several limitations in Study 1 underscore the
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need for continued investigation. First, the study employed a general
measure of perceived accuracy without accounting for contextual nu-
ances across specific GenAl tools. Although the observed associations
were consistent with the proposed model, variability in system capa-
bilities and output quality across tools warrants further study. Second,
because Study 1 was observational, causal inferences about the pro-
posed process remain limited. Although the longitudinal design
strengthens temporal ordering by measuring accuracy (T1), trust (T2),
and intention (T3) at separate time points, it does not establish a causal
process and cannot rule out omitted-variable explanations or reciprocal
relationships. Study 2 addresses this limitation by manipulating accu-
racy via vignettes. Finally, the reliance on self-reported perceptions of
accuracy may introduce bias (e.g., driven by prior attitudes or recent
experiences). Study 2 mitigates this concern by providing standardized
accuracy cues in the vignettes (experimental manipulation). Together,
Study 2 was designed to replicate and extend Study 1, enabling a more
comprehensive understanding of the processes shaping researchers’ in-
tentions to use GenAl.

4. Study 2
4.1. Methods study 2

4.1.1. Procedure and participants

Study 2 recruited participants from Prolific's prescreened population
of users who met the same eligibility criteria as Study 1 (graduate-level
education; work function: research; industry: higher education or
research laboratories). To ensure an independent sample, we excluded
all users who had participated in Study 1. In total, 179 invited users
completed the survey. Consistent with the study's a priori focus on
ChatGPT usage, we included only participants who indicated that they
had previously used ChatGPT. Nine participants did not meet this cri-
terion and were excluded, resulting in a final sample of 170 participants.
Participants were compensated at a rate of £9.60 per hour. The average
age of participants was 32.64 years (SD = 7.68), with n = 88 (51.8%)
identifying as female. On average, participants had 7.62 years of
research experience (SD = 6.69). Most participants were employed at
universities (n = 140, 82.4%), while the rest worked in private or
governmental labs (n = 30, 17.6%). Roles included PhD students (n =
73, 42.9%), research scientists (n = 42, 24.7%), postdoctoral researchers
(n = 38, 22.4%), professors (n = 15, 8.8%), and student research as-
sistants (n = 2, 1.2%). Research areas included Social Sciences (n = 61,
35.9%), Natural Sciences (n = 41, 24.1%), Medical and Health Sciences
(n =29, 17.1%), Engineering and Technology (n = 22, 12.9%), Business
and Management (n = 8, 4.7%), and other fields (n = 9, 5.3%). Nearly
half of the sample dedicated over 80% of their work hours to research
tasks (n = 82, 48.2%).

The final analytic sample comprised N = 170 participants. Of these,
n = 83 were included in the analyses in the low-accuracy condition and
n = 87 in the high-accuracy condition. In these conditions, participants
viewed an interaction with ChatGPT along with feedback regarding the
accuracy of its responses. Scripts and prompts are available in the Online
Appendix (Fig. Al). Participants were then asked to assess the accuracy
of the recommendations (for manipulation checks), their trust in
ChatGPT, their intention to use ChatGPT, and to provide demographic
information.

4.1.2. Experimental manipulation and measures

4.1.2.1. Vignettes. To reinforce perceptions of accuracy, the vignettes
depicted interactions between a user and ChatGPT in three contexts:
advising on journal selection, checking text consistency, and selecting
references for a scientific claim. Following each interaction, an evalua-
tion of the response was presented. The order in which the three contexts
were presented was randomized. In the high accuracy condition,
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Table 3
Descriptive statistics and correlations (Study 2).
1. 2. 3. 4. 5. 6. 7. 8. 9. 10.
1. Accuracy”
2. Trust .43
3. Usage 12 .43
5. 4. Experience —.01 .28 .53
5. Age .04 —-.07 .07 -.09
6. Female gender” .05 —.01 —.08 -.23 -.03
7. Perc. research’ —.06 —-.05 —-.07 —-.03 —-.20 .01
8. Field" -.07 11 —.06 .02 —.12 —.04 17
9. Workplace® .15 .08 12 —.02 .04 .03 -.07 —.14
10. Media 1 .24 .07 .01 11 -.11 —.04 —.02 .05
M .51 2.86 4.97 2.65 32.64 .52 4.05 .53 .82 2.87
SD .50 1.19 1.68 1.08 7.68 .50 1.16 .50 .39 1.00

Note. N = 170. All correlations > |0.15| are significant at p < .05. All correlations are based on uncentered variables. Usage = usage intention.

# Code for experimental condition: 0 = low accuracy, 1 = high accuracy.
b Code for gender: 0 = male, non-binary, or prefer not to say, 1 = female.

¢ Code for percentage research: 1 = 0-20%, 2 = 21-40%, 3 = 41-60%, 4 = 61-80%, 5 = 81-100%.

4 Code for field: 0 = non-STEM, 1 = STEM.
¢ Code for workplace: 0 = private/governmental lab, 1 = university.

responses were evaluated positively; in the low accuracy condition, they
were evaluated negatively. More detailed content of the vignettes is
available in the Online Appendix (Fig. A1). As a manipulation check,
participants rated the accuracy of the recommendations by answering,
"Based on the evaluation of the output, how well did ChatGPT perform?"
Responses were provided using a slider scale ranging from 0 (poor ac-
curacy) to 100 (perfect accuracy).

4.1.2.2. Trust. Trust was measured after all three vignettes were pre-
sented (assessed for overall impression). It was measured with an
adapted four-item trust in Al scale (Gillath et al., 2021). The items were
rated on a seven-point Likert scale ranging from 1 (strongly disagree) to 7
(strongly agree). One example item is “How likely are you to trust
ChatGPT's suggestions?” (a = .93).

4.1.2.3. Behavioral intention to use GenAl As in Study 1, behavioral
intention to use GenAl for research tasks was measured with the adapted
three-item scale of the UTAUT (Venkatesh et al., 2003). One example
item is “I intend to use ChatGPT for my research tasks in the next few
months.” The items were rated on a seven-point Likert scale ranging
from 1 (strongly disagree) to 7 (strongly agree; a = .99).

4.1.2.4. Experience. Experience was measured with one item: “How
experienced would you say you are using ChatGPT in your work?”.
Answers were provided on a five-point Likert scale ranging from 1 (not
experienced at all) to 5 (extremely experienced).

4.1.2.5. Control variables. We included the same control variables as in
Study 1.

4.1.3. Data analysis
We used the same data analysis approach as in Study 1, with accu-
racy entered as a dummy-coded independent variable.

4.2. Results study 2

4.2.1. Descriptive statistics and preliminary results

Table 3 provides the means, standard deviations, and correlations
among the study variables. The model variables showed small to mod-
erate correlations. Interestingly, the experimental condition was unre-
lated to usage intention. For the manipulation check, we compared the
mean perceived accuracy across all three contexts between the two
experimental groups. A statistically significant difference was found in
perceived accuracy, t(166.97) = —30.532, p < .001, with means of M =
16.9 (SD = 14.2) for the low accuracy and M = 85.3 (SD = 14.9) for the
high accuracy group.

The results of the preliminary CFA (measurement model) indicated a
good fit to the data (X2(18) =17.921, p =.161, RMSEA = 0.047, CFI =
1.00, TLI = 1.00, SRMR = 0.02). Importantly with respect to common
method concerns, this fit was substantially better than that of an alter-
native one-factor model in which trust and usage intention were com-
bined into a single factor (X2(14) = 848.212, p < .001, RMSEA = 0.59,
CFI = 0.44, TLI = 0.15, SRMR = 0.21). This pattern suggests that the
association between trust and usage intention is unlikely to be attrib-
utable solely to a single common response tendency. Furthermore, all
standardized factor loadings exceeded 0.7, indicating good convergent
validity (Brown, 2015).

4.2.2. Hypotheses tests
We fit the moderated mediation model to the data. The results are

Table 4
Results of the structural equation models (SEM) (Study 2).
B SE 4 p 95%BootCI
Path a: Accuracy” — Trust 447 .065 6.920 <.001 [.320, .573]
Path b: Trust — Usage .335 .085 3.950 <.001 [.169, .501]
Path ¢’ (direct effect): Accuracy” — Usage —.043 .076 —.563 573 [-.193, .107]
Indirect: Accuracy” — Trust — Usage .150 .044 3.381 .001 [.063, .236]
Interaction: Trust x Experience — Usage —.211 .078 —-2.718 .007 [-.364, —.059]
Path b: Trust — Usage; Experience:
Low (one SD below mean = —1.078) .563 123 4.575 <.001 [.322,.804]
Medium (mean = 0) .335 .085 3.950 <.001 [.169, .501]
High (one SD above mean = 1.078) .107 .115 .927 .354 [-.119, .333]
Index of Moderated Mediation —.094 .036 —2.613 .009 [-.165, —.024]

Note. N = 170. Usage = usage intention; § = Standardized Beta; SE = Standard Error; BootCI = Bootstrap Confidence Interval.

# Code for experimental condition: 0 = low accuracy, 1 = high accuracy.
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shown in Table 4. Because the results did not differ when control vari-
ables were included versus excluded, we report results without control
variables (Bernerth & Aguinis, 2016). Results with control variables are
available in the Online Appendix (Table A3). The overall model fit was
adequate (X2(48) =61.876, p = .086, RMSEA = 0.04, CFI = 0.99, TLI =
0.99, SRMR = 0.076). H1 predicted a positive relationship between
accuracy and usage intention; however, this was not supported in Study
2, as the zero-order association between accuracy condition and usage
intention was non-significant (Table 3; r = .12, p > .05). Consistent with
this, the direct path from accuracy to usage intention (¢) was also
non-significant in the moderated mediation model (95% BootCI [—.193,
.107]) once trust and the trust x experience interaction were included.
In support of H2, the indirect effect of accuracy on usage intention via
trust was significant (95% BootCI [.063,.236]). Moreover, the interac-
tion effect of Trust x Experience was significant (95% BootCI [-.364,
-.0591], supporting H3. The conditional indirect effect was significant at
low and medium, but not high levels of experience, and the index of
moderated mediation was significant (95% BootCI [—.165,—.024]),
indicating that the indirect effect through trust depends on experience.

5. Overall discussion

The current research set out to examine why researchers intend to
use GenAl for their work, focusing on perceived accuracy as a key
antecedent, trust as a mediator, and experience as a moderator. Across a
three-wave longitudinal survey (Study 1) and a vignette experiment
(Study 2), we found converging evidence that higher perceived accuracy
was associated with greater trust in GenAl in Study 1, and that experi-
mentally induced accuracy increased trust in Study 2. In both the lon-
gitudinal model (accuracy at T1 — trust at T2 — usage intention at T3)
and the experiment (accuracy manipulation — trust — usage intention),
trust emerged as the central psychological mechanism linking accuracy
to usage intentions, as reflected in significant indirect effects. With re-
gard to the overall accuracy-intention association, Study 1 showed a
positive zero-order relationship, whereas Study 2 did not show a sig-
nificant bivariate association, suggesting that accuracy cues do not
uniformly translate into higher intended use at the overall level.
Importantly, however, in both studies the direct path from accuracy to
usage intention was non-significant once trust (and its interaction with
experience) was included, consistent with the interpretation that accu-
racy primarily influences usage intention via trust rather than through a
direct effect. The absence of a direct zero-order effect in Study 2 deserves
attention. One plausible explanation is that the experimental sample
consisted exclusively of prior ChatGPT users. Under these conditions,
experimentally varying accuracy may have had limited leverage to
further increase reported usage intention directly. More importantly,
however, this pattern strengthens the mediation logic of the present
model. It suggests that accuracy information may not be behaviorally
consequential in a simple, immediate way. Rather, the findings are
consistent with the interpretation that researchers translate accuracy
cues into intentions to use GenAl after these cues shape a trust judgment
about whether the system can be relied upon despite uncertainty. In this
sense, trust is not merely an additional predictor of usage intention, but
the key mechanism through which performance-related cues become
behaviorally relevant.

We also found support for experience as a moderator of the rela-
tionship between trust and usage intention: as experience increases, the
effect of trust on usage intention diminishes, suggesting that more
experienced users base their usage intentions less on trust. Together,
these findings position perceived accuracy as a central stimulus shaping
trust in GenAl and show that the extent to which trust translates into
usage intention depends on users’ experience.

5.1. Theoretical implications

The moderated mediation model is conceptually consistent with SOR
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logic, which emphasizes that external stimuli affect behavior primarily
through internal psychological states (T. R. V. Davis & Luthans, 1980).
In this framework, perceived accuracy functions as a stimulus; trust is the
organism state; and usage intention is the behavioral consequence. The
consistent finding across both studies that the direct accuracy—intention
path becomes non-significant once trust is included, while the indirect
path through trust is significant, supports a mediation structure in which
accuracy matters for usage intention because it informs trust. Theoreti-
cally, this suggests that models of GenAl usage intention in research
should explicitly position trust as a mechanistic link between specific
system qualities (e.g., accuracy) and behavioral intentions, rather than
treating trust as a predictor alongside performance expectancy or
perceived usefulness (cf. Choudhury & Shamszare, 2024).

Our findings align with other research based on SOR theory in the
context of Al technologies. For instance, it has been shown that trust
fully mediates the relationship between Al-enabled personalization
(stimulus) and consumer engagement (response) in social media mar-
keting (Teepapal, 2025). Similar to the current research, the authors
found no direct relationship between Al-enabled personalization and
consumer engagement; however, there was an indirect effect through
trust (Teepapal, 2025). Another study found that trust mediated the
relationship between perceptions of change due to the introduction of Al
in human resource management and the adoption of AI (Arora & Mittal,
2024). The current studies complement previous research by examining
the mediation link in the context of researchers using GenAl. Moreover,
by using longitudinal data and an experimental setting, we provide
further evidence for trust as a mediator between accuracy and usage
intention.

The distinction between general performance beliefs and perceived
accuracy is particularly relevant in the context of scientific work. Prior
work on Al-generated outputs has shown that even seemingly coherent
outputs can contain subtle but consequential inaccuracies, such as non-
existent citations or incorrect study details (Lorenz et al., 2024; Naik
etal., 2024; Sun et al., 2024; Thorne, 2024). Our results suggest that, for
researchers, accuracy is a primary epistemic criterion for deciding whether
a GenAl tool is a viable partner in knowledge production. From a
theoretical standpoint, the findings imply that technology acceptance
models applied to research settings should (a) explicitly separate
perceived accuracy from general usefulness or performance expectancy
and (b) model accuracy primarily as an input to trust rather than directly
to usage intention.

A major contribution of the current work is the demonstration that
the predictive power of trust decreases as users gain experience with
GenAl This finding advances theorizing on trust in human-technology
interaction by suggesting two possible interpretations of why the
trust-intention link weakens with experience. First, the results are
consistent with a trust-as-anchor view: for novices, trust operates as an
initial heuristic that reduces the cognitive load of evaluating a complex,
opaque system. As users accumulate experience, they can draw more on
direct knowledge of the system's capabilities and limitations, reducing
their reliance on trust as a general basis for deciding whether to use
GenAl. This aligns with broader accounts in technology research
emphasizing that initial global evaluations give way to more differen-
tiated assessments as users gain experience or insight into how recom-
mendations are generated (Karahanna et al., 1999; Lee & Xia, 2011).
The weaker trust-intention relationship among more experienced users
may indicate that, with repeated use, researchers become less dependent
on global trust as a heuristic and more likely to rely on selective,
task-sensitive judgments about when GenAl should and should not be
used.

Second, the results may also reflect a calibrated-trust interpretation.
Increasing experience does not necessarily make trust less important;
rather, it may make trust more differentiated, conditional, and task-
specific. Experienced users may still rely on trust, but less in the form
of a broad, global judgment that predicts overall usage intention across
situations. If so, the weaker trust-intention relationship at higher levels
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of experience would indicate not simply substitution of direct evaluation
for trust, but a shift from general heuristic trust to more bounded and
calibrated trust. In our research, this is reflected in the moderated
mediation pattern: the accuracy — trust — intention pathway is strong
for low- and medium-experience researchers but negligible for highly
experienced ones. Such a pattern is consistent with the broader litera-
ture on calibrated trust and appropriate reliance, which emphasizes that
effective human-AlI interaction depends on matching reliance to actual
system capability rather than defaulting to acceptance or rejection (Lee
& See, 2004). It is also consistent with emerging work on critical
thinking in AI use showing that users higher in critical thinking are more
likely to verify Al-generated statements, use broader corroboration
strategies, and seek corroboration before trusting Al-generated infor-
mation (Lau et al., 2025). Our findings suggest that experience may
reduce the influence of generalized trust on usage intention because
experienced users are better positioned to supplement trust with veri-
fication, corroboration, and reflective oversight.

Theoretically, this suggests that in the context of researchers
adopting GenAl, the SOR should be applied as a conditional process
model, rather than a "one-size-fits-all" mediation model. Specifically, the
SOR mechanism (accuracy — trust — intention) is stage-dependent. As
users gain experience, the link between trust and intention weakens,
indicating that trust (organism) affects usage intention (response)
differently for novices compared to experts. This aligns with other SOR
research that incorporates moderators, acknowledging variable rather
than uniform effects. For example, a study on GenAl adoption in the
workplace found that personality traits, particularly conscientiousness,
moderate the trust and adoption intention relationship, highlighting the
role of individual differences (Dalvi-Esfahani et al., 2025). Another
study revealed a negative moderation effect of perceived performance
risk on the relationship between attitude toward and intention to use a
Clinical Decision Support System (Dalvi-Esfahani et al., 2023). The
current research is the first to explore the moderating role of experience
within an SOR framework in relation to GenAl usage intentions. The
findings suggest that models of AI acceptance and usage intention
should view trust not as a universal resource but as a context-dependent
mechanism whose importance varies with user experience. This has
implications for how we think about “calibrated trust”: for novices, the
challenge is to avoid both unwarranted distrust (disuse) and overtrust
(misuse). For experienced users, the focus may shift to preventing
routine overreliance even when errors are detected. More research on
calibrated trust and user experience is needed to explore these issues
further.

5.2. Limitations and directions for future research

Despite its contributions, the present research has several limitations
that point to recommendations for future work. First, although the
three-wave design improved temporal ordering by measuring perceived
accuracy, trust, and usage intention at separate time points, Study 1
remained observational. As such, it cannot establish a causal process.
The Study 1 findings may be interpreted as supporting temporal
ordering and a pattern of associations consistent with the proposed
model, rather than definitive evidence that perceived accuracy causally
shapes trust and subsequent usage intention. Study 2 provides a stronger
basis for causal inference with respect to the effect of the accuracy
manipulation on trust, but future research should use stronger longitu-
dinal or panel designs, ideally with repeated measures of trust and usage
intention, to test reciprocal and change-based processes more directly.
Relatedly, Study 1 used a three-wave design with one-week lags, and
Study 2 was a cross-sectional experiment. While these designs capture
short-term dynamics between accuracy perceptions, trust, and in-
tentions, they do not capture long-term adaptation processes or the
evolution of GenAl systems themselves. As GenAl systems are updated
and integrated into more platforms, both perceived and actual accuracy
may change, potentially reshaping trust and usage patterns over time.
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Longitudinal panel studies spanning months or years could examine how
repeated exposure, institutional policies, and evolving capabilities
interact to shape trust and usage intention.

Second, most key constructs—perceived accuracy (Study 1), trust,
experience, and usage intention—were assessed via self-report. Future
work could integrate behavioral metrics such as log data from Al tools,
eye-tracking for verification behavior, or experimentally controlled
tasks where researchers complete real literature searches or data ana-
lyses with GenAl assistance, subsequently examining the effects of these
interactions on trust and usage intention. Additionally, it would
strengthen the conclusions to examine whether the observed mechanism
also predicts actual GenAlI use, given that prior work on ChatGPT
adoption explicitly distinguishes trust, intention, and actual use
(Choudhury & Shamszare, 2023). An additional consideration is com-
mon method variance. Although the studies incorporated several safe-
guards, this concern cannot be fully excluded. In Study 1, predictor,
mediator, and outcome were temporally separated across three waves,
which reduces same-session reporting effects. In Study 2, the focal
predictor was experimentally manipulated and randomly assigned, and
the measurement model showed clear separation between trust and
usage intention. However, because trust and usage intention in Study 2
were both assessed by self-report in the same session, some shared
method influence remains possible. Future research should further
address this issue by temporally separating mediator and outcome
measures, using alternative response formats or sources, and incorpo-
rating behavioral indicators of GenAlI use.

Third, an additional limitation concerns construct coverage.
Although we conceptually distinguished perceived accuracy from use-
fulness or performance expectancy, we did not measure those estab-
lished constructs directly. As a result, the present studies cannot
determine whether perceived accuracy explains unique variance in trust
or usage intention beyond these established constructs. Future research
should test this more directly by including perceived accuracy alongside
perceived usefulness and/or performance expectancy in the same model
and comparing their relative and incremental effects on trust and usage
intention. Relatedly, we used a general measure of trust, not differen-
tiating between cognitive and affective trust. While our data clearly
show that trust mediates the accuracy—intention pathway, they do not
address whether a specific kind of trust matters most. For instance, re-
searchers might be willing to use a system they see as highly competent
but normatively misaligned (e.g., one that encourages questionable
research practices) only under strong oversight, whereas they might
show more autonomous reliance on systems seen as both competent and
ethically aligned. Future studies could separate cognitive and affective
dimensions of trust and test whether they differentially predict GenAl
use in research.

Fourth, experience was measured with a single self-report item
capturing subjective familiarity with Al-powered tools (Study 1) and
experience with ChatGPT (Study 2). Although single-item measures of
experience are common (Komiak & Benbasat, 2006; O'Brien et al.,
2015), this operationalization remains limited because it may blur
conceptually related but not identical aspects of prior interaction with
the technology. In particular, rather than isolating concrete accumu-
lated use, our measure relied on respondents’ subjective sense of how
familiar or experienced they were with the system. As a result, the
measure may conflate distinct dimensions of experience, including
depth of functional knowledge (Schulenberg & Melton, 2008), fre-
quency of use, and length of exposure (Potosky & Bobko, 1998). This
means that the moderation results should be interpreted as reflecting the
role of perceived experience or familiarity rather than demonstrated
competence or objectively accumulated use. Future research should
therefore move beyond a single-item operationalization and capture
experience multi-dimensionally, by using scales that distinguish
breadth, intensity, duration, task-specific experience, incorporating
objective indicators such as usage logs where feasible. Additionally,
future research should more directly disentangle why the predictive
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strength of trust declines with experience. More generally, the present
studies did not directly measure calibrated trust or appropriate reliance.
Although our findings are consistent with the idea that experienced
users may show more bounded and better-calibrated reliance, we did
not assess whether participants' trust tracked actual system reliability,
nor did we measure verification, corroboration, or other forms of critical
oversight. Future research should therefore examine calibration more
directly by combining perceived trust with objective indicators of sys-
tem performance, reliance behavior, and verification behavior. Such
work would help determine whether weaker dependence on general
trust among experienced users reflects greater critical thinking in Al use,
more appropriate reliance, or both (Lau et al., 2025; Lee & See, 2004).

Fifth, an additional limitation concerns the scope of generalizability.
Although we refer throughout to “researchers,” our samples were
recruited through Prolific and drawn specifically from higher-education
and research-laboratory contexts. In both studies, most participants
worked at universities, and Study 1 in particular was weighted toward
early-career researchers, especially PhD students, research scientists,
and postdoctoral researchers. Accordingly, the present findings should
be interpreted as most directly generalizing to researchers in academic
or adjacent research settings, rather than equally to all career stages or
institutional environments. It remains possible that the role of accuracy,
trust, and experience differs for senior faculty, principal investigators,
industry researchers, or other professional groups whose incentives,
autonomy, and exposure to GenAl differ from those represented here.
Future research should therefore test the model across more diverse
career stages, organizational settings, and non-academic research
environments.

Finally, it is also important to consider the study context: researchers
typically self-determine whether and how to use GenAlI in their work.
The proposed model may therefore generalize less well to settings in
which AI use is mandatory (e.g., required by the organization or a direct
supervisor). In such mandated contexts, it may be more informative to
test whether trust mediates relationships between perceived accuracy/
performance and other consequential outcomes—such as work
engagement or counterproductive behaviors.

5.3. Practical recommendations

Building on our theoretical model and empirical findings, several
practical recommendations emerge. Most importantly, our results sug-
gest that institutions and developers should aim to support calibrated
trust in GenAl rather than simply trying to maximize trust. Although the
predictive power of general trust decreases as users gain experience, this
does not mean that trust becomes unimportant for experienced users.
Rather, trust may become more differentiated, conditional, and task-
specific. Practical interventions should therefore be designed to pro-
mote warranted trust.

In this sense, segmented interventions may be useful. For less expe-
rienced researchers, training should focus on building appropriately
cautious trust by combining transparency about GenAl's strengths with
explicit instruction in verification, source checking, and recognition of
hallucinations or other inaccuracies. For more experienced researchers,
interventions should focus less on boosting general trust and more on
maintaining well-calibrated reliance, for example by reinforcing task-
specific evaluation, encouraging continued verification in high-stakes
contexts, and reducing the risk of routine overreliance (Liebherr et al.,
2026; Okamura & Yamada, 2020).

Given that trust plays a larger role in novice intentions, institutions
should avoid leaving early-career researchers to experiment with GenAl
entirely on their own. Instead, they could encourage supervised use—for
example, joint sessions where supervisors and trainees work through
real tasks with GenAI while explicitly discussing accuracy, verification,
and ethical boundaries. At the same time, because experienced users
may rely on GenAl in a more routine and task-dependent way, institu-
tional guidance should also help them periodically reassess when
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reliance is appropriate and when closer scrutiny is required.

To mitigate risks of overreliance, especially among less experienced
users, GenAl tools used in research could implement conservative de-
faults: warnings when answers are not grounded in verifiable sources,
prompts encouraging users to cross-check key outputs, or optional
“verification modes” that automatically scan references against biblio-
graphic databases. This is consistent with the broader goal of supporting
calibrated trust—trust that is warranted by the system's demonstrated
performance and bounded by appropriate human oversight (Liebherr
et al., 2026).

6. Conclusion

Across a longitudinal field study and an experimental vignette study
with researchers, this work suggests that perceived accuracy of GenAl is
linked to intentions to use such tools primarily through trust, and that
this mediating effect of trust is moderated by users’ experience. For
novices and intermediate users, trust is the psychological hinge that
translates accuracy cues into willingness to rely on GenAlI; for highly
experienced users, intentions become less dependent on trust.

Theoretically, these findings refine technology adoption models by
positioning trust as a central mediating mechanism linking specific
system qualities (accuracy) to behavioral intentions, and by demon-
strating that the function of trust is contingent on experience. Practi-
cally, they underscore the need for calibrated—not maximal—trust in
GenAl, supported by transparent system design and targeted training. As
Al continues to reshape how research is conducted, the challenge is not
merely to increase researchers’ willingness to use these tools, but to
ensure that any use is informed, critical, and compatible with scientific
standards.
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