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Abstract

Trust in AI is crucial for its successful integration
into organizations and society. Despite the increasing
exposure of employees to AI-driven analyses, their
adoption is not guaranteed solely by the presence of
AI systems. Trust in AI is multifaceted, influenced
by perceptions of its competence, and accuracy. To
investigate the impact of AI competence on user trust
and error tolerance, we conducted an experiment using
vignettes with varying AI positioning and accuracy.
Our results highlight the importance of AI competence
framing in shaping user trust, we found that a strong
portrait of AI capabilities boosts trust and planned
action. This study fills a gap in existing literature
by exploring the relationship between AI competence
framing and trust in a professional context, providing
insights for the implementation of AI in the workplace
and emphasizing the significance of building trust in AI
for its adoption and effective use.

Keywords: Trust in AI, AI Competence, AI Framing,
Error Tolerance.

1. Introduction

Building trust in AI is crucial for the successful
integration of these systems into organizations and
society (Jacovi et al. (2021)). The number of employees
handling AI-supported analyses within the workplace
is growing exponentially, driven by the increased
prevalence of AI-powered tools for quantitative and
analytical tasks in recent years (McLaren (2023)).
However, the mere presence or investment in AI
systems does not automatically guarantee their proper
and dependable utilization by employees. Employees
must necessarily place their trust in AI, a concept that

has been defined diversely across various contexts in
existing literature. Key factors associated with trust
in AI encompass perceptions of its competence and
benevolence (Esterwood and Robert (2023)) as well
as its reliability and accuracy (Lockey et al. (2021);
Glikson and Woolley (2020)).

In this study, we examine the relationship between
AI competence, error tolerance and user trust in AI
systems. Drawing from Mayer’s conceptualization
of competence as a combination of skills, abilities,
and attributes that confer influence within a particular
domain (Mayer et al. (1995)), we adapt this framework
to the context of AI. Specifically, we assert that AI
competence refers to the set of characteristics that allow
an AI system to influence its users’ trust within a
specific domain. To empirically assess the relationship
of these variables, we conducted an experiment utilizing
vignettes, where we provided a strong or weak AI
framing and major and minor analysis error to then
evaluate its effect on user trust and error tolerance.
In this context a minor error refers to a small data
classification error, while a major error could involve
a significant miscalculation that noticeably impacts the
outcome of the analysis.

Our results show that framing AI as accurate and
well-trained (strong AI framing) immediately boosts
trust and planned action. Participants that were informed
about the AI system’s high accuracy and relevant
specialization exhibited greater trust and intent to act
compared to those without such information.

To assess the impact of AI framing on perceptions
following revelations of the AI’s accuracy levels we
used interaction models. Comparisons were made
across three groups (no error vs. minor error; no error
vs. major error; minor error vs. major error). Results
show that AI framing positively influenced trust when
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the AI system had minor inaccuracies. Participants
showed significantly higher trust in strongly framed
AI systems with moderate accuracy; however framing
had no effect on error tolerance when comparing high
vs. moderate accuracy groups. In cases of major
inaccuracies, AI framing did not affect perceptions.
Major errors led to significantly lower late trust
compared to no errors; nevertheless there were no
significant differences in how major errors impacted late
trust between strongly and weakly framed AI systems.

This research has theoretical and practical
implications for the field of information systems
and its application in the workplace. Prior studies about
trust in AI have not thoroughly investigated the interplay
between AI competence framing, AI inaccuracies and
trust in AI within a professional setting; therefore, our
results will provide new insights into this relationship.
Additionally, our results indicate that AI framing is a
crucial factor to consider when implementing AI in the
workplace and that building trust in AI is critical for its
adoption and use. In the following parts of this paper,
we summarize the key points of previous literature that
represent a basis over which we developed our work.
Then we present our results and we discuss our findings
and implications in the conclusion.

2. Background and related work

2.1. Trust in AI and Intended Use

Trust is crucial for interpersonal relationships in
general and it is particularly relevant at the workplace.
When there is trust among employees and between
employees and leaders, it encourages ethical choices,
builds loyalty, and boosts retention rates. Trust also
lowers stress and hostility at work and facilitates
acceptance of change. Cultivating trust is crucial for a
positive and efficient workplace (Castrillon (2023)).

In this research we adopt the following definition of
trust: ”the willingness of a party to be vulnerable to the
actions of another party based on the expectation that the
other will perform a particular action important to the
trustor, irrespective of the ability to monitor or control
that other party” (Mayer et al. (1995)). This definition
highlights trust’s dual nature: it involves confident
expectations of a positive outcome and acknowledges
the risks inherent in delegating authority (Pavlou and Ba
(2002)).

Now, our primary focus lies in analyzing users’
trust in AI outputs that significantly influence
decision-making processes within work environments.
While interpersonal trust has long been a subject
of extensive study in psychology and organizational

research, the concept of Trust in AI is still in its
infancy. Some scholars have drawn parallels between
interpersonal/organizational trust and trust in AI in
the field of management and IS (Söllner et al. (2016),
Glikson and Woolley (2020)). For instance, Gillath
et al. (2021) emphasize the significance of cognitive
factors such as performance and descriptive attributes
in shaping trust towards non-human entities. They also
suggest that attachment security correlates with higher
levels of trust. Similarly, Jacovi et al. (2021) focus on
the user’s vulnerability and their ability to anticipate the
repercussions of AI model decisions as crucial factors
influencing trust levels.

Therefore, building upon the insights of the before
mentioned scholars, we adopt Mayer’s trust definition
and tailor it to the domain of trust in AI. In this
adaptation, we identify two key components in the trust
relationship. First, there is the human aspect, marked by
the trustor’s (the human’s) readiness to be vulnerable.
Second, there are the characteristics of the trustee,
which, in this case, is the AI system. Thus, trust in AI
precedes human actions, while AI trustworthiness is an
essential attribute inherent to the AI system (Amo et al.
(2024)).

Trust is a crucial factor influencing the intention to
use AI, a relationship examined across various online
contexts. Gefen et al. (2003) discovered that online
shoppers’ trust directly enhanced their intention to use
an e-commerce platform. Similarly, Choung et al.
(2022) found that trust was a key determinant for
AI adoption, as demonstrated through the Technology
Acceptance Model (TAM). Our research, however,
centers on actions influenced by AI advice in the
workplace. Specifically we study the trust response
of an employee using an strongly or weakly framed
AI system at work that provides accurate or inaccurate
results. While we anticipate a positive correlation
between high trust levels and the intention to act on AI
advice, our study will examine this relationship within
this yet not fully explored context.

2.2. AI Competence Framing

Trust, both in general and in AI, can be examined
from three distinct dimensions. In their model of
Organizational Trust, Mayer et al. (1995) identify three
key factors of perceived trustworthiness: competence,
benevolence, and integrity.

Competence includes the skills, abilities, and
characteristics that enable a human or AI to exert
influence within a specific domain. Trust is
granted based on the relevant abilities for particular
tasks, reflecting the trustee’s expertise in that area.
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Benevolence refers to the belief that the trustee
genuinely wants to do good for the trustor, beyond
self-interest. This positive orientation is essential for
trust, as it highlights the trustee’s motivation to act
benevolently rather than selfishly. Integrity involves
consistency in past actions, credible communications,
a sense of justice, and alignment between words and
actions. The perceived level of integrity is crucial for
trustworthiness, regardless of the underlying reasons for
this perception.

Our research objective concerning these factors is
to deepen the understanding of how perceived AI
competence influences trust. Although some existing
studies have explored this area (Gilad et al. (2021),
Harris-Watson et al. (2023), Kulms and Kopp (2018)),
there still exists a significant gap in understanding the
impact of presenting AI as accurate and well-trained on
trust.

Recent research has presented conflicting results
concerning the study of AI competence. Harris-Watson
et al. (2023) found that AI competence significantly
influences the psychological acceptance of an AI
teammate, enhancing the attitude toward AI as a valued
team member. In contrast, Gilad et al. (2021) discovered
that warmth had a greater impact on users’ choice of
an AI system compared to competence, suggesting that
competence is not the most influential factor in shaping
users’ perceptions of AI. By investigating this specific
framing, we aim to elucidate how highlighting AI’s
precision and training affects trust dynamics in work
related scenarios.

Our research is also closely related to the
non-competence-based framing theory which refers
to the way information is presented to influence
perceptions and decisions, without necessarily altering
the actual competence or performance of the system
being evaluated. Framing has been used in contexts
such as medical decision-making (Marteau (1989)) and
project management (Duchon et al. (1989)). In our
study, we extend framing to present an AI system as
being developed by a reputable company and being
able to produce accurate results. This type of framing
can impact trust and decision-making by shaping the
user’s expectations and attitudes towards the AI system,
even if the system’s actual competence (e.g., accuracy,
reliability) remains the same (Capiola et al. (2023),
Lyons et al. (2023)).

Previous research has examined
non-competence-based framing as a cognitive
bias, where the way information is presented
(positively/negatively or strongly/weakly) can influence
people’s trust and decision-making, regardless of the
system’s actual performance. We expand these types

of analyses by investigating the effects of framing on
its own, as well as its interaction with the system’s
performance.

2.3. Error Tolerance: Humans vs AI

Previous studies have shown that evidence-based
algorithms generally outperform human advisors in
decision-making accuracy. Despite this evidence,
decision-makers sometimes still prefer human
advice (Prahl and Van Swol (2017)), a phenomenon
termed ”algorithm aversion,” which can have notable
consequences. According to Dietvorst et al. (2015),
individuals tend to be harsher on algorithms than
on humans when mistakes occur, indicating higher
expectations for algorithmic performance. This elevated
standard is also evident in human-automation research,
where there’s often an insistence on algorithms
having a zero error rate (Prahl and Van Swol (2017)).
Investigating the factors influencing error tolerance in
analysis is crucial to prevent missed opportunities and
reduced efficiency, which can adversely affect both
individuals and organizations (Prahl and Van Swol
(2017)).

However, the preference for humans over AI
isn’t universal. The decision-making landscape is
intricate, influenced by various factors. Studies on
error tolerance and AI preference yield diverse results,
reflecting the complexity of decision-making processes.
Recent research proposes a contrasting concept called
”algorithmic appreciation,” suggesting that people may
actually trust algorithms more than previously thought.
Experiments demonstrate increased receptiveness to
algorithmic advice over human advice (Logg et al.
(2019)), challenging previous assumptions about human
bias towards AI.

AI Error tolerance and Trust could be also linked
to the Perfect Automation Schema (PAS) theory that
proposes that people often hold an implicit belief that
automated systems are perfect and infallible. This belief
can lead to an over-trust on automated systems and a
tendency to overlook or disregard errors made by these
systems. When an automated system does make a
mistake, it can lead to a significant decrease in trust
because the error conflicts with the initial assumption
of perfection. This theory is often used to explain how
and why people trust (or mistrust) automated systems,
including AI, based on their expectations of the system’s
reliability (Merritt et al. (2015)).

Our primary objective concerning AI error tolerance
is to assess how employees respond differently to errors
made by humans versus those made by AI, and to
examine how perceptions of AI competence influence
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these reactions.

3. Methodology

We collected data from a panel survey company
and recruited working adults to participate in our study.
The study protocol used in this research was reviewed
and approved the institutional review board of our
University. We included several quality control items in
the survey to eliminate respondents who were not paying
attention. A total of 311 participants passed quality
control and met criteria for working at least 30 hours
per week for at least 6 months. To test our hypotheses,
we created a vignette (see Appendix 6.1) with two parts
and two types of manipulations (one with two levels
and the other with three levels). Participants were
randomly assigned to one of six conditions based on the
framing of the AI agent based on training and expertise
(AI weakly framed vs. AI strongly framed) and based
on reported accuracy of the AI analysis (no error vs.
minor inaccuracy vs. major inaccuracy). Although the
experiment was a 2x3 design, we conducted our analysis
via two separate pairwise analyses (2x2) comparing the
results from (1) weakly vs. strongly framed AI in the
accurate vs. minor inaccuracies conditions and from
(2) weakly vs. strongly framed AI in the accurate
vs. major inaccuracies conditions. Thus, we were
able to determine if the effects of AI framing made a
difference in how participants trusted and tolerated error
in both minor and major inaccuracy conditions relative
to accurate conditions.

3.1. Data and Variables

The dependent variables were early trust, early
planned action, late trust, and error tolerance. Early trust
and early planned action were collected after the first
part of the vignette was presented and reflected initial
impressions of trust and planned action immediately
after the AI framing. Late trust and error tolerance were
collected at the end of the vignette, after the accuracy
of the results had been divulged. Late trust reflected
trust after participants learned about the accuracy of the
AI system. The descriptive statistics of these variables
under the weak and strong AI framing are presented in
Table 1 and Table 2 respectively.

3.2. Models

To predict early trust and early planned action, we
ran a single regression model with a dummy variable
conveying the strong AI condition. To predict late trust
and error tolerance, we ran two regression models, one
with the main effects for AI framing and Accuracy

Table 1. Descriptive Statistics Weak AI Framing
Variable N Mean SD

No Error
Early Trust 54 4.870 1.288
Late Trust 54 5.191 1.339

Error Tolerance 54 5.475 1.027
Minor Error

Early Trust 59 4.542 1.311
Late Trust 59 3.480 1.478

Error Tolerance 59 5.186 1.191
Major Error

Early Trust 53 4.610 1.354
Late Trust 53 3.226 1.519

Error Tolerance 53 5.289 1.006

Table 2. Descriptive Statistics Strong AI Framing
Variable N Mean SD

No Error
Early Trust 39 4.803 1.542
Late Trust 39 5.085 1.452

Error Tolerance 39 5.581 1.194
Minor Error

Early Trust 48 5.021 1.261
Late Trust 48 4.181 1.489

Error Tolerance 48 5.229 1.141
Major Error

Early Trust 58 5.178 1.301
Late Trust 58 3.282 1.824

Error Tolerance 58 5.086 1.315

level and the other with the main effects and interaction
term. The interactions predicting post-trust and error
tolerance represented any differences in the effects of
AI framing when accuracy was high vs. low (no error
vs. major error), high vs. moderate (no error vs. minor
error) and low vs. moderate (major error vs. minor
error). We report the unstandardized beta coefficients.
The effects of AI framing and accuracy on Trust in AI
were analyzed using Equation 1. Where Tr represent
the variable Trust in AI, AIFr represents AI Framing
under the strong or weak scenario, Er represents the
Error type under the no error, major error or minor error
scenario, and AIFr×Er represent the interaction effect
of AI framing and Error type.

Tri = β0+β1 ·AIFri+β2 ·Eri+β3 ·AIFri×Eri (1)

The effects of AI framing and accuracy on Error
Tolerance were analyzed using Equation 2. Where ET
represent the variable Error Tolerance.

ETi = β0+β1·AIFri+β2·Eri+β3·AIFri×Eri (2)
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4. Results

In the sections below, we discuss and present the
results of our study. First, we show the main effects
result of AI framing on Early Trust and Planned Action
(no interaction effects). Then we present the interaction
effects of AI Framing (Strong vs. Weak) and AI
Accuracy (No Error vs. Minor Error; No Error vs.
Major Error) on Post-Trust and Error Tolerance. We ran
all our models in SPSS (IBM Corp (2021)).

4.1. Main effects of AI Framing on Early
Trust and Planned Action

The results from this study demonstrate that framing
AI as accurate and well-trained has immediate effects
on trust and planned action. As shown in Table 3, the
effects of framing had significant positive effects on
early trust (B = 0.36, p < 0.001).

Table 3. Strong AI Framing Effect on Early Trust
Variable Coefficient
Constant 4.671

(0.104)
Strong AI Framing 0.355***

(0.152)
Notes: We present OLS unstandardized beta

coefficients and their corresponding standard errors in
parenthesis. The significance level was established
based on a two-tailed test. ***p < 0.001, *p < 0.05

A similar positive and significant effect can be found
in Table 4 for planned action (B = 0.31, p < 0.05). When
participants are informed that an AI system has a history
of high accuracy and specializes in relevant analyses,
their trust and intended action is greater than participants
who are not provided with any additional information on
the AI system.

Table 4. Strong AI Framing Effect on Planned

Action
Variable Coefficient
Constant 4.749

(0.100)
Strong AI Framing 0.308*

(0.149)
Notes: We present OLS unstandardized beta

coefficients and their corresponding standard errors in
parenthesis. The significance level was established
based on a two-tailed test. ***p < 0.001, *p < 0.05

4.2. Interaction Effects of AI Framing and AI
Accuracy on Late Trust and Error
Tolerance

In order to determine if AI framing made a difference
in how participants perceived AI after it was revealed
that the AI system had no errors, minor errors or major
errors, we ran interaction models to predict late trust and
error tolerance. We compared three different groups (no
error vs. minor error; no error vs. major error; minor
error vs. major error) and present the results in separate
tables for clarity.

4.2.1. No Error vs. Minor Error As shown in
Table 5, AI framing influenced trust in instances of
minor errors by the AI system. Participants who
encountered an AI system that with minor errors had
significantly higher trust in conditions where the AI was
framed strongly relative to participants encountering
minor errors when AI was not strongly framed. This is
shown in the statistically significant positive interaction
term (B = 0.81, p < 0.05) in Table 5.

Table 5. Interaction Effects of Strong AI Framing

and Minor Errors (compared to no errors) on

Post-Trust
Variable Coefficient
Constant 5.191

(0.196)
Strong AI Framing -0.106

(0.302)
Minor Error -1.711***

(0.271)
Strong AI x Minor Error 0.806*

(0.412)
Notes: We present OLS unstandardized beta

coefficients and their corresponding standard errors in
parenthesis. The significance level was established
based on a two-tailed test. ***p < 0.001, *p < 0.05

In comparing the no vs. minor error conditions, the
framing of AI had no effect on Error Tolerance. As
shown in Table 6, the interaction between strong AI and
minor error (vs. no error) was not significant.

4.2.2. No Error vs. Major Error In instances
where AI was highly inaccurate and produced outputs
with major errors, the effects of AI framing were not
robust. As show in Table 7, major errors were associated
with significantly lower late trust compared to when no
errors were produced by the AI system (B = -1.96, p <
.001). However, there were no differences between the
strongly framed AI system vs. weakly framed AI system
between the no errors vs. major errors conditions with
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Table 6. Interaction Effects of Strong AI Framing

and Minor Errors (compared to no errors) on Error

Tolerance
Variable Coefficient
Constant 5.475

(0.155)
Strong AI Framing 0.106

(0.239)
Minor Error -0.289

(0.214)
Strong AI x Minor Error -0.063

(0.326)
Notes: We present OLS unstandardized beta

coefficients and their corresponding standard errors in
parenthesis. The significance level was established
based on a two-tailed test. ***p < 0.001, *p < 0.05

regard to late trust, (B = .16, p > 0.05).

Table 7. Interaction Effects of Strong AI Framing

and Major Errors (compared to no errors) on Late

Trust
Variable Coefficient
Constant 5.191

(0.212)
Strong AI Framing -0.106

(0.327)
Major Error -1.965***

(0.301)
Strong AI x Major Error 0.161

(0.441)
Notes: We present OLS unstandardized beta

coefficients and their corresponding standard errors in
parenthesis. The significance level was established
based on a two-tailed test. ***p < 0.001, *p < 0.05

Similar results were obtained for error tolerance in
Table 8, where the interaction effect of AI Framing and
Major error resulted not significant.

4.2.3. Minor Error vs. Major Error We also
compare the effects of minor error vs. major error with
regard to late trust and error tolerance. The interaction
effects are for these scenarios are reported in Tables 9
and 10.

The results from these comparisons were negative in
both scenarios, indicating a detrimental effect when the
AI outputs contained errors. However, the interaction
effects with AI framing were not significant enough to
impact late trust or error tolerance.

Table 8. Interaction Effects of Strong AI Framing

and Major Errors (compared to no errors) on Error

Tolerance
Variable Coefficient
Constant 5.475

(0.156)
Strong AI Framing 0.106

(0.240)
Major Error -0.186

(0.221)
Strong AI x Major Error -0.309

(0.324)
Notes: We present OLS unstandardized beta

coefficients and their corresponding standard errors in
parenthesis. The significance level was established
based on a two-tailed test. ***p < 0.001, *p < 0.05

Table 9. Interaction Effects of Strong AI Framing

and Major Errors (compared to minor errors) on Late

Trust
Variable Coefficient
Constant 3.480

(0.207)
Strong AI Framing 0.700

(0.309)
Major Error -0.254

(0.301)
Strong AI x Major Error -0.645

(0.432)
Notes: We present OLS unstandardized beta

coefficients and their corresponding standard errors in
parenthesis. The significance level was established
based on a two-tailed test. ***p < 0.001, *p < 0.05

Table 10. Interaction Effects of Strong AI Framing

and Major Errors (compared to Minor errors) on Error

Tolerance
Variable Coefficient
Constant 5.186

(0.153)
Strong AI Framing 0.043

(0.228)
Major Error 0.103

(0.222)
Strong AI x Major Error -0.246

(0.319)
Notes: We present OLS unstandardized beta

coefficients and their corresponding standard errors in
parenthesis. The significance level was established
based on a two-tailed test. ***p < 0.001, *p < 0.05

Overall, we found some differences between our
comparison groups (Strong vs. Weak AI) with regard
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to how different types of errors affected late trust as an
outcome variable but not error tolerance. We conducted
2 (AI strong vs. AI weak ) x 3 (no error/minor
error/major error) additional test to determine if there
were overall difference across all three groups between
the AI strong and AI weak conditions. These results are
consistent with our results in the main paper. We present
these results in the Appendix (section 6.3).

4.3. Discussion of Results

We report the interaction effects of various work
scenarios where AI was framed as either strong or weak,
across conditions of no error, minor errors, and major
errors. Our main contribution is providing insight into
how framing and accuracy factors impact (a) whether
AI characteristics of competence contribute to or detract
from human trust in AI, and (b) how AI competence
impacts error tolerance. Overall, our results suggest that
perceptions of AI performance significantly affect trust
in AI and tolerance under certain conditions.

Our study reveals that framing AI as accurate
and well-trained significantly increases early trust and
planned action. For AI systems with minor inaccuracies,
strong AI framing significantly boosts trust, but it does
not significantly affect error tolerance. In cases of major
AI errors, trust significantly decreases, and strong AI
framing does not mitigate this effect on late trust or
error tolerance. Comparing AI outputs with minor to
major error outputs shows a negative impact on late trust
and error tolerance, but the interaction effects with AI
framing are not significant.

These results emphasize the importance of both
perception of competence and performance in AI
systems, highlighting the need for organizations to
present their AI systems as reliable and accurate.
While strong framing can maintain trust despite minor
inaccuracies, it does not improve error tolerance,
emphasizing the need for developers to minimize
errors. Major AI errors significantly erode trust, and
strong framing cannot mitigate this effect. Effective
communication about AI capabilities should be coupled
with genuine competence to ensure long-term trust and
user error tolerance.

5. Conclusion

Building and maintaining trust in AI is essential for
successfully and safely integrating these systems into
organizations and society. As AI-assisted tools become
more prevalent in the workplace, employees’ trust in AI
becomes crucial for the proper and reliable use of these
systems. Trust in AI is dynamic and contextually based,
meaning users’ trust in AI depends on individual factors,

AI characteristics, and other contextual factors.
Our research aims to understand how people’s

perception of AI competence affects their trust and
intent to act when AI is used in the context of
analysis at work. We also investigate how AI framing
and AI performance (minor vs major errors) affects
employees error tolerance. Results indicate that AI
framing positively influenced trust when the AI system
had minor inaccuracies, with participants showing
higher trust in strongly framed AI systems of moderate
accuracy. However, framing did not impact error
tolerance when comparing high to moderate accuracy
groups. In cases of major inaccuracies, AI framing
did not affect perceptions, and major errors led to
significantly lower late trust compared to no errors.
There were no significant differences in how major
errors impacted late trust between strongly and weakly
framed AI systems.

Our study has limitations, including the possibility
that the use of vignettes present simplified versions of
issues, potentially omitting important details or nuances
that could influence participants’ responses in real-life
situations. However, we addressed this by incorporating
more context, background information, and relevant
details to make the scenarios more reflective of reality.
Another limitation is the potential bias introduced by
the strong AI framing and the accuracy of reports
in this context. While we believe this interaction
mirrors real-world scenarios where people often receive
information with a particular bias or framing before
using AI systems, we acknowledge this as a potential
bias in the vignette design that warrants further
investigation in future studies.

Future research could broaden our analysis to
various contexts by examining how users’ trust in AI
is influenced by the risk and impact of decisions made
based on AI advice. For instance, it would be valuable
to investigate how trust varies when users receive advice
from generative text AI for writing a personal email
versus a professional email. This could help explore the
interaction effects of high-risk versus low-risk decisions
and minor versus major errors. Future research could
also explore the questions of whether the AI systems are
good at what they do and whether the people using them
are trustworthy. If people don’t trust their employers,
they might be less likely to trust the AI systems, no
matter how strong the AI framing is presented.

Our study contributes to the existing literature by
exploring the interplay between AI Framing, Error
Tolerance and, Trust in AI in the workplace context,
providing insight into the theoretical factors that affect
employees’ trust in AI.

This study has important practical implications,

Page 532



emphasizing the need to consider people’s beliefs and
perceptions about AI when designing and implementing
AI systems in the workplace. By evaluating employees’
trust in AI, understanding the potential benefits and
drawbacks of AI for specific tasks, and assessing its
impact on error tolerance, organizations can optimize
AI use to achieve their goals while minimizing risks
and maximizing benefits. Specifically, the finding
that AI framing can influence trust when the AI has
minor inaccuracies suggests that how AI is presented
to employees can significantly shape their confidence
in the system. Therefore, organizations can enhance
trust in AI by carefully managing its introduction
and framing, especially when the AI’s performance is
reliable but not flawless. However, it is crucial for
organizations to prioritize minimizing major errors in AI
systems, as no amount of positive framing can mitigate
the negative effects of significant inaccuracies on trust.

References

Amo, L., Gonzalez, V., & Das Smith, S. (2024). In the
Age of AI: Generation-Based Differences in AI
Trust Outcomes.

Capiola, A., Lyons, J. B., Harris, K. N., Hamdan, I. a.,
Kailas, S., & Sycara, K. (2023). “Do what you
say?” The combined effects of framed social
intent and autonomous agent behavior on the
trust process. Comput. Hum. Behav., 149(100).
https://doi.org/10.1016/j.chb.2023.107966

Castrillon, C. (2023). 5 Powerful Strategies To Build
Trust In The Workplace [Section: Careers].
Retrieved August 30, 2024, from https://www.
forbes .com/sites /carolinecastrillon/2023/12/
17/5- powerful- ways- to- build- trust- in- the-
workplace/

Choung, H., David, P., & Ross, A. (2022). Trust
in AI and Its Role in the Acceptance of
AI Technologies [Journal Abbreviation:
International Journal of Human-Computer
Interaction Publication Title: International
Journal of Human-Computer Interaction].
Working Paper. https : / / doi . org / 10 . 1080 /
10447318.2022.2050543

Dietvorst, B. J., Simmons, J. P., & Massey, C. (2015).
Algorithm aversion: People erroneously avoid
algorithms after seeing them err [Place:
US Publisher: American Psychological
Association]. Journal of Experimental
Psychology: General, 144(1), 114–126.
https://doi.org/10.1037/xge0000033

Duchon, D., Dunegan, K., & Barton, S. (1989). Framing
the Problem and Making Decisions: The Facts

are Not Enough. Department of Management:
Faculty Publications. https://digitalcommons.
unl.edu/managementfacpub/89

Esterwood, C., & Robert, L. (2023). Three Strikes
and you are out!: The impacts of multiple
human–robot trust violations and repairs on
robot trustworthiness. Computers in Human
Behavior, 142, 107658. https : / / doi . org / 10 .
1016/j.chb.2023.107658

Gefen, D., Karahanna, E., & Straub, D. W. (2003). Trust
and TAM in Online Shopping: An Integrated
Model [Publisher: Management Information
Systems Research Center, University of
Minnesota]. MIS Quarterly, 27(1), 51–90.
https://doi.org/10.2307/30036519

Gilad, Z., Amir, O., & Levontin, L. (2021). The Effects
of Warmth and Competence Perceptions on
Users’ Choice of an AI System. Proceedings of
the 2021 CHI Conference on Human Factors in
Computing Systems, 1–13. https://doi.org/10.
1145/3411764.3446863

Gillath, O., Ai, T., Branicky, M. S., Keshmiri, S.,
Davison, R. B., & Spaulding, R. (2021).
Attachment and trust in artificial intelligence.
Computers in Human Behavior, 115, 106607.
https://doi.org/10.1016/j.chb.2020.106607

Glikson, E., & Woolley, A. W. (2020). Human Trust
in Artificial Intelligence: Review of Empirical
Research. Academy of Management Annals,
14(2), 627–660. https : / / doi . org / 10 . 5465 /
annals.2018.0057

Harris-Watson, A. M., Larson, L. E., Lauharatanahirun,
N., DeChurch, L. A., & Contractor, N. S.
(2023). Social perception in Human-AI teams:
Warmth and competence predict receptivity to
AI teammates. Computers in Human Behavior,
145, 107765. https: / /doi .org/10.1016/j .chb.
2023.107765

IBM Corp. (2021). IBM SPSS Statistics for Windows.
Retrieved March 26, 2024, from https://www.
ibm.com/spss
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Söllner, M., Benbasat, I., Gefen, D., Leimeister, J. M., &
Pavlou, P. A. (2016, October). Trust. Retrieved
March 13, 2024, from https : / / www .
misqresearchcurations . org / blog / 2017 / 5 / 10 /
trust-1

6. Appendix

6.1. Vignettes

In this study, participants were randomly assigned to
one of the vignettes and then were asked to indicate the
degree to which they agreed or disagreed with the scale
items.

Weak AI Framing: You work at a company,
TerraCorp, and are responsible for completing an
important project. You need assistance analyzing data
for the project. TerraCorp has a proprietary artificial
intelligence (AI) system that was developed by a
leading technology vendor. You decide to work with
the AI system on the data analysis for the project. You
provide the AI system with all of the data and receive
the results the following day. You present the results
to your bosses in a meeting. In the meeting, you learn
that the results from the analysis are (have no errors vs.
have minor errors vs. have major errors).

Strong AI Framing: You work at a company,
TerraCorp, and are responsible for completing an
important project. You need assistance analyzing
data for the project. TerraCorp has a proprietary
artificial intelligence (AI) system that was developed
by a leading technology vendor. The AI system was
developed specifically for data analyses such as the
one you need assistance on, and it has a high accuracy
rate. You decide to work with the AI system on the data
analysis for the project. You provide the AI system with
all of the data and receive the results the following day.
You present the results to your bosses in a meeting. In
the meeting, you learn that the results from the analysis
(have no errors vs. have minor errors vs. have major
errors).
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6.2. Scale Development

To measure participants’ perceptions of Trust in
AI, Intention to Act and Error Tolerance, we provided
participants with the following statements and then
we measured their responses based on a scale of 1
= ”Strongly disagree” to 7 = ”Strongly agree.” We
integrated and adapted these items from scales on
trust that reflect the dimensions of competence and
benevolence (e.g. Esterwood and Robert (2023);
Mozafari et al. (2021)). In the following table we also
present the Cronbach’s alpha as a measure of reliability
across the items per construct.

Table 11. Early Trust
Item Alpha
I would trust the results provided to
me.

0.954I would believe the results provided
to me are accurate.
I would trust the credibility of the
results.

Table 12. Early Action Intent
Item Alpha
I would implement decisions based
on the results I received.

0.925I would carry out decisions based
on the results I received.
I would plan to take action based on
the results I received.

Table 13. Late Trust
Item Alpha
If the TerraCorp™ AI system
completed more analyses in the
future, I would trust the results
provided to me.

0.938
If the TerraCorp™ AI system
completed more analyses in the
future, I would believe the results
provided to me.
I would feel confident moving
forward with decisions based on the
data analysis results.

Table 14. Error Tolerance
Item Alpha
I understand that there is some
inaccuracy involved in all analyses.

0.831I accept that all analyses will have
some level of error.
I know that all analyses are
susceptible to some mistakes.

6.3. Tests of Between-Subjects Effects

Table 15. Tests of Between-Subjects Effects on

PostTrust
Variable SS df MS F Sig.
Intercept 5089.6 1 5089.6 2182.0 <.001

AISt 3.5 1 3.5 1.5 .225
Error 182.3 2 91.1 39.1 <.001

AIStxErr 9.0 2 4.5 1.9 .146
Residual 716.0 307 2.3

Total 5936.4 313
Cted Total 917.8 312
Notes: Computed using alpha = .05; Error coded such

that 0 = no error, 1 = minor error, 2 = major error.

Table 16. Tests of Between-Subjects Effects on

Error Tolerance
Variable SS df MS F Sig.
Intercept 8639.4 1 8639.4 6551.6 <.001

AISt 0.0 1 0.0 0.0 0.887
Error 7.1 2 3.6 2.7 0.069

AIStxErr 1.4 2 0.7 0.5 0.592
Residual 404.8 307 1.3

Total 9171.2 313
Cted Total 413.3 312
Notes: Computed using alpha = .05; Error coded such

that 0 = no error, 1 = minor error, 2 = major error.
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