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ABSTRACT

The importance of trust in artificial intelligence (Al) continues to grow, as trust is
widely regarded as a critical prerequisite for organizational Al adoption. In this context,
intention to use Al can be understood as a consequence of the decision to trust Al and
is therefore strongly influenced by trust. Moreover, trust is regarded as essential for
understanding the impact of increasing interaction with Al systems on both individuals
and society. Much of the discussion on trust in Al relies on frameworks derived from
trust in automation, but these approaches remain largely theoretical and insufficiently
validated. One important empirical contribution addressing this gap is the path model
developed by Karg, Ritz and Asprion (2025), which examined trust in ChatGPT using
a student sample. This model conceptualizes perceived trustworthiness through
performance, process, and purpose. Together with a user’s propensity to trust, these
factors are assumed to determine trust in Al. Karg, Ritzand Asprion (2025) demonstrated
that perceived trustworthiness is significantly shaped by users’ inherent propensity to
trust, in turn, influences the intention to use Al. The present study replicates this path
model using a business sample to assess the robustness of the original findings and
to advance theory building. An online survey was conducted among 97 employees of
a major Swiss bank, employing identical items and methodologies as in the original
study. The replication largely supports the original findings. However, in contrast
to the original study, performance did not significantly predict trust in Al in the
business sample. The findings further reinforce the argument that users’ dispositional
characteristics may play a more decisive role in shaping perceived trustworthiness of
and trust in Al systems.
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INTRODUCTION

The integration of artificial intelligence (AlI), particularly large language
models (LLM) such as ChatGPT, into organizational processes has become
increasingly pervasive (Dwivedi et al., 2023). This has profound implications
for how information is accessed, processed, and applied within organizations,
including the banking sector. According to a survey conducted by the Swiss
Financial Market Supervisory Authority (FINMA, 2025) approximately
half of the Swiss banking institutions have already adopted Al technologies,
including the use of chatbots for tasks such as optimization of processes
and text generation. As Al adoption proliferates, its growing presence in the
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financial sector gives rise to necessary inquiries concerning trust (Vukovié
et al., 2025), which is considered a key factor in the acceptance of Al
(Hoffman et al., 2023).

Accordingly, research has increasingly focused on enhancing Al
reliability and fostering user trust (Lewis & Marsh, 2022), accompanied
by the development of numerous guidelines aimed at strengthening Al
trustworthiness (Jager et al., 2025). Trust in Al has thus emerged as a
central research topic (Bedué & Fritzsche, 2022), given its importance for
understanding the implications of intensified human-Al interaction (Montag
et al., 2023). Trust in Al builds upon the foundation principles of trust in
automation (Solberg et al., 2022). However, the extent of the transferability
of this established trust concept to Al remains contested (Shin, 2021). The
debate stems from the fact that Al systems exhibit capabilities that surpass
those of conventional technologies (Langer et al., 2023), leading to the
argument that the concept of trust in Al differs fundamentally (Chi et al.,
2021). Supporting this perspective, Karg, Ritz and Asprion (2025) show that,
contrary to prevailing assumptions (Choung et al., 2022), transparency and
explainability do not significantly affect trust in Al. Moreover, the empirical
path model by Karg, Ritz and Asprion (2025) indicates that trust predicts the
intention to use ChatGPT.

Al Relevance in Banking

Al refers to computational systems capable of performing tasks associated
with human cognitive functions, including perception, reasoning, decision-
making, and language processing (Xu et al., 2021). Although the conceptual
roots of Al extend back several decades, its practical significance has
expanded considerably due to advances in algorithms, data availability, and
computing power (Siau & Wang, 2018). Current Al systems remain limited
to domain-specific applications, commonly described as narrow Al, which
restricts their generalizability (Lewis & Marsh, 2022). Al is widely applied
across domains such as logistics, finance, and healthcare, where it supports
decision automation, process optimization, fraud detection, and customer
interaction (Frank et al., 2023). However, levels of autonomy vary across
applications, and reduced human oversight in some systems introduces
additional uncertainties and risks (Choung et al., 2022).

The adoption of Al in business has evolved to a strategic priority across
industries (Olutimehin et al., 2024). Organizations increasingly leverage Al
not only to improve operational efficiency but also to support data-driven
decision-making and gain competitive advantages. Al chatbots have become
integral to customer service strategies by enabling scalable, efficient, and
personalized interactions (Ciesla, 2024). These developments are largely
driven by advances in natural language processing (NLP), which allow
machines to understand and generate human language (Jurafsky & Martin,
2024). In the Swiss financial sector, the growing reliance on Al is reflected in
the early and widespread adoption of tools such as ChatGPT (FINMA, 2025),
delivering benefits such as improved fraud detection, faster response times,
and more efficient compliance checks. Nonetheless, the maturity of current
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Al systems remains limited, as many applications are highly specialized and
require substantial human oversight.

Al and Trust

Trust is a central construct in human-machine interaction and can be defined
as the attitude that a system (trustee) will support a user (trustor) in achieving
goals under conditions of uncertainty and vulnerability (Lee & See, 2004).
The decision to trust is often conceptualized as intentions to use a system
(Razin & Feigh, 2023) and are therefore critical for the successful adoption
and use of Al technologies (Hoffman et al., 2023). Trust is dynamic and
evolves depending on system performance and intended purpose (Choung
et al., 2022), with trust grounded in perceived intentions of the trustee being
more stable than trust based solely on observed reliability and performance
(Lee & See, 2004). In this sense, trust functions as a heuristic (Lewis &
Marsh, 2022) enabling users to judge the trustworthiness of a system (Hoff
& Bashir, 2015).

Perceived trustworthiness is a key antecedent of affective trust in Al systems
and is traditionally conceptualized along three dimensions: performance,
process, and purpose (Solberg et al., 2022). Performance refers to attributes
such as reliability, predictability, and competence, thereby reflecting the
system’s robustness in achieving user goals (Hoff & Bashir, 2015). Process
captures perceptions of whether underlying algorithms are appropriate,
effective, and comprehensible, although increasing system complexity can
limit user understanding (Lee & See, 2004). Thereby, expectations of and
understanding regarding the capabilities of the Al system are low at the
initial trust-formation (Langer et al., 2023). Purpose relates to trust in system
developers and their perceived benevolence toward users, reflecting beliefs
about aligned intentions and ethical design (Korber, 2019). Accordingly,
trust is influenced by both the system’s task performance and its ability to
communicate relevant information effectively (Gebru et al., 2022).

Beyond system characteristics, trust depends on an individual’s general
willingness to rely on technology, referred to as propensity to trust, which
varies across individuals and is influenced by personality traits (Karg, Jager
& Asprion, 2025). While purpose and propensity are particularly influential
in early trust formation, performance and process gain importance over time
through experience-based trust calibration (Razin & Feigh, 2023).

METHOD

This study replicates the empirical path model by Karg, Ritz and Asprion
(2025, see Figure 1) and examines whether the direction, significance, and
magnitude of the reported relationships can be reproduced within a business-
minded sample. Specifically, the study examines whether (H,) performance has
a medium-sized effect, (H,) process has no significant effect, (H,) and whether
purpose and (H,) propensity to trust have small effects on the mediator trust
in Al. Subsequentially, this study investigates whether propensity to trust has
(H,) a large effect on performance, (H,) a medium-sized effect on process, and
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(H,) a small effect on purpose. Finally, the present study evaluates whether
(H,) the mediator trust in Al has a medium effect on the endogenous variable
intention to use.

Even though ChatGPT is not used for job-related tasks at the selected
banking institution, this widely-adopted Al tool (Conte, 2024) was chosen as
unit of analysis to ensure comparability with the original study and thereby
support replication validity (Albertoni et al., 2023). For the same reason,
the original measurement instruments were used without modification.
Accordingly, wording, structure, scale, format, and response options of the
items in the anonymous online survey remained identical to those used by
Karg, Ritz and Asprion (2025).

Values represent standardized path coefficients p; significant paths (p < .05) bold.
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Figure 1: Original path model on trust in Al and its effect on the intention to use by
Karg, Ritz and Asprion (2025); N = 105.

A convenience sample was drawn from employees of a major Swiss
bank. This sampling approach was considered appropriate for evaluating
the original path model within a professionally oriented business context.
However, because ChatGPT is not used operationally within the selected
institution and the sample was non-random, the generalizability of the
findings is limited. Of the initial sample of N = 98 bank employees, one
participant was removed since all items remained unanswered, resulting
in N = 97 participants for the data analysis of the cross-sectional study.
Participants had a mean age of M = 31.15 years (SD = 12.71), with one
subject not reporting their age.

The items assessing the variables of the path model were unaltered from
the original study, in which they had been adapted to the context of ChatGPT
based on the Trust in Automation Questionnaire (Korber, 2019) and the
TAM-2 (Choung et al., 2022). In total, the questionnaire comprised 21 items,
with six items measuring performance, four items each assessing process and
intention to use, three items measuring propensity to trust, and two items
each measuring the variables purpose and trust in Al All items were rated
using a five-point Likert scale. Prior to the main analysis missing values at the
item level were handled using median imputation. Subsequently, mean scores
were computed for each scale and used in the analyses.
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All statistical analyses were conducted using R (R Core Team, 2022). The
significance level for the data analysis was set at p = .05 in accordance with
the conventions of Cohen (1992). The same applies for the assessment of
the effect sizes. Whereby f > .1 considered to be a small, p > .3 a medium
and p > .5 a large effect. Path analysis was performed using the r-package
lavaan (Rosseel, 2012) to test the hypotheses. Here, based on the thresholds
stipulated by Hu and Bentler (1999), the fit indices (CFI =.944, SRMR =.154,
RMSEA = .074) suggest that the data may not fit the path model accordingly.

RESULTS

The complete results of the replicated path model are presented in Figure 2
and Table 1. The predictors performance, process, purpose, and propensity
to trust jointly explained 47.9% of the variance in the mediator trust in Al
In turn, trust in Al accounted for 15.7% of the variance in the endogenous
variable intention to use. Furthermore, propensity to trust explained 31.1%
of the variance in performance, 11.0% in process, and 12.2% in purpose.

Values represent standardized path coefficients f; significant paths (p < .05) bold.
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Figure 2: Replicated path model on trust in Al and its effect on the intention to use
(N=97).

The paths from purpose (p = .298, p = .021), and propensity to trust
(B =.340, p < .001) to the mediator trust in Al were statistically significant,
indicating small and medium effect sizes, respectively. In contrast, there
are no significant correlations from performance (p = .224, p = .083), and
process (f = .011, p = .898) on trust in Al Trust in Al, however, exerted a
significant medium-sized effect on intention to use (p =.397, p < .001).

The paths from propensity to trust to the three variables of the perceived
trustworthiness were all statistically significant. Specifically, propensity to
trust showed a large effect on performance (p =.558, p <.001) and medium
effects on purpose (B = .332, p < .001) and process (p = .349, p < .001).
Regarding the covariances among the perceived trustworthiness dimensions,
the coefficient between process and purpose was not statistically significant
(B = .179, p = .056). On the other hand, performance was significantly
associated with process (p =.268,p =.001) and purpose (p=.267,p =.006).



284 Karg et al.

The descriptive comparison with the path model from Karg, Ritz and
Asprion (2025) listed in Table 2 indicates that the present replication study
largely supports the findings from the original study. Overall, the observed
relationships followed similar patterns, although differences emerged in the
magnitude of the effects. In addition, several notable deviations from the
original model were identified.

The most prominent deviation from the original study was for the path
from performance to trust in Al. In the present replication study the effect
was no longer statistically significant. In contrast, the significant paths
from propensity to trust to trust in Al (A B + .082) respectively to purpose
(A B + .096), were stronger in the present replication study, increasing from
small to medium effect sizes.

Notably, the relationships between the perceived trustworthiness
dimensions differed from those reported in the original study. Specifically,
previously significant effects were no longer significant, and vice versa.

Table 1: Path coefficients and explained variance of the
replicated path model (N = 97).

p 4 95 % CI R?

Trust in AL 479
« Performance 224 .083 [-.029, .478]

« Process .011  .898 [-.162,.185]

« Purpose 298 .021° [.045,.551]

« Propensity to Trust 340 < .001 " [.1883,.496]
Intention to Use 157
« Trust in AI 397 <.001°  [.233,.561]
Performance 311
« Propensity to Trust 558 <0017 [.404,.712]
Process 110
« Propensity to Trust 332 <.001° [.105,.514]
Purpose 122
« Propensity to Trust 349 <.001°  [.171,.526]
Performance < Process 268 .001° [.107,.430]
Process < Purpose 179 .056 [-.005, .363]
Purpose « Performance .267 .006 " [.078,.455]

Table 2: Comparison of the path coefficients and explained
variance of the original path model by Karg, Ritz and Asprion
(2025) and the replication in this study.

Original ~ Replication A

Trust in AT R? 497 479 -.018
« Performance 3777 224 -.153
« Process 132 011 -.121
« Purpose 2067 298" +.092
« Propensity to Trust 258”7 340" +.082

(Continued)
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Table 2: Continued.

Original ~ Replication A

Intention to Use R?Z 107 157 +.050
« Trust in Al 328" 397 +.069
Performance R? .302 311 +.009
« Propensity to Trust 5507 5587 +.008
Process R* 141 .110 -.031
« Propensity to Trust 3757 3327 -.043
Purpose R* .064 122 +.058
« Propensity to Trust 2537 3497 +.096
Performance < Process .045 2687 +.223
Process < Purpose 1977 179 -.018
Purpose < Performance .075 2677 +.192
DISCUSSION

This study replicated the path model proposed by Karg, Ritz and Asprion
(2025). Specifically, the study examined the factors influencing trust in Al
and the subsequent effect of trust on the intention to use ChatGPT.

Contrary to hypothesis 1 and the findings of the original path model by
Karg, Ritz and Asprion (2025) performance did not have a significant effect on
trust in AL This finding is particularly noteworthy since performance reflects
characteristics that users can directly evaluate through everyday interactions
with ChatGPT and was identified as the strongest predictor of trust in the
original study. One possible explanation is that bank employees in the
present study may still be in an early stage of trust-formation, characterized
by limited experience with Al systems (Langer et al., 2023), since the bank
employees operated in an environment in which the use of ChatGPT was
restricted or not permitted for work-related tasks. Consequently, participants
may have had fewer opportunities to evaluate the system’s performance in
a professional context. As a result, trust in Al may have depended less on
perceived performance and more on dispositional factors and perceived
purpose.

This interpretation is further substantiated by the findings related to
hypotheses 2 through 4. Consistent with expectations and the original path
model, process did not significantly predict trust in Al, whereas purpose
showed a small but significant positive effect. However, in contrast to
expectations, the effect of propensity to trust on trust in Al was not only
small but medium. This findings align with the understanding of Lee
and See (2004), who posited that in the initial stages of trust formation,
perceptions of purpose and dispositional factors such as propensity to trust
are particularly important, while evaluations of performance and process
become more relevant at later stages of trust calibration. At the same time,
the present results remain compatible with the findings of Karg, Ritz and
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Asprion (2025), who emphasized the importance of the trustor’s disposition
as a central determinant of trust in Al

Moreover, the outcomes related to hypotheses 5 through 7 provide further
support for this interpretation. Propensity to trust not only had a direct
effect on trust in Al, but also indirect effects through its influence on the
three dimensions of the perceived trustworthiness. In particular, the effect on
purpose was stronger than anticipated, reaching a medium effect size. This
suggests that dispositional trust does not only influence trust in Al but also
how users perceive the system’s purpose.

In line with the original study by Karg, Ritz and Asprion (2025), the results
for hypothesis 8 demonstrated that trust in Al had a significant medium-
sized effect on intention to use ChatGPT. This finding further underscores
the significance of trust as a predictor of Al utilization. Nevertheless, the
relatively modest proportion of explained variance in intention to use
indicates that additional factors may also play an important role, such as
perceived usefulness, ease of use, predictability, or organizational norms.

Taken together, the findings call into question the applicability of a
uniform conceptualization of trust in Al across contexts and user groups.
Instead, trust in Al appears to be dynamic and dependent on factors such as
the specific Al system, the task context, organizational constraints, and the
user’s stage of trust development. Future research should therefore adopt
a more differentiated perspective on trust in Al by considering contextual
influences, longitudinal changes in trust formation, and the interplay between
dispositional and system-related determinants of trust.

LIMITATIONS

In addition to the limitations of the original study, such as the lack of
associated risks and the unspecified task, several limitations of the presents
study should be considered. First, the fit indices indicated that the proposed
path model did not fully fit the present data, suggesting that the findings
should be interpreted with caution. Secondly, the results of this study are
not generalizable due to its reliance on a convenience sample drawn from a
single bank. Finally, although the sample consisted of working professionals
rather than students, ChatGPT was not used within the participants’
professional environment, which employs their own internal Al tools. As a
result, participants’ evaluations of ChatGPT were likely shaped primarily by
private rather than professional experiences. This limits the generalizability
of the findings to organizational contexts where ChatGPT is actively used in
the workplace.

CONCLUSION

The findings of this replication study largely support the path model
proposed by Karg, Ritz and Asprion (2025). At the same time, the results
further suggest that established constructs of trust cannot be fully applied
to trust in Al (Chi et al., 2021). However, contrary to the original study’s
findings, users’ perception of ChatGPT’s performance did not significantly
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influence their trust in Al Instead, the results indicate that trust in Al is a
dynamic construct, in which perceived purpose and the users’ propensity to
trust are of high importance in the initial trust-formation stages. By contrast,
evaluations of performance and process may be relevant in subsequent stages
of trust calibration, although this assumption cannot be demonstrated in the
results of the present study. Nevertheless, both trust and the users’ disposition
to trust, remain important factors influencing the intention to use Al systems
such as ChatGPT.
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