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Abstract: Given the benefits and risks associated with GenAI adoption in organizations, many academics and practitioners 
have stressed the importance of understanding how humans come to trust these technologies and the information and 
knowledge (e.g., solutions/decisions) they produce. The objective of this paper is to further examine human trust in AI 
technologies through the lens of a widely accepted organizational trust theory and model developed by Mayer, Davis, and 
Schoorman. More specifically, this paper focuses on developing a better understanding of perceived factors of GenAI 
trustworthiness since assessing trustworthiness is a critical determinant of trust. Building on the existing theory and model, 
it is proposed that an individual's perception of one or more of the following dimensions of trustworthiness - ability, integrity, 
and benevolence - will determine how trustworthy they find GenAI to be. Ability (or competence) refers to the trustee’s 
specific skills, knowledge, and expertise required in a specific domain. Integrity reflects the trustee’s sound values or 
principles (e.g., fairness, consistency, justice). Benevolence is an altruistic loyalty that reflects the trustee’s concern for the 
welfare, needs, desires, and interests of the individual over organizational or profit motives. Many researchers have 
proposed assessments related to GenAI ability, but integrity and benevolence are more difficult to assess, as technologies 
do not intrinsically embody human values or altruistic behaviors. Consequently, other parties within the organizations, such 
as AI designers and developers, strategic decision-makers, or the organization may be conflated into perceptions of these 
dimensions. The paper continues by briefly discussing how emotions and organizational culture may influence individuals' 
perceptions of trustworthiness and concludes by suggesting potential directions and strategies for building and representing 
each dimension of perceived trustworthiness in the context of GenAI. 
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1. Artificial Intelligence (AI) Technology Adoption 
The adoption of Artificial Intelligence (AI) technologies in organizations has drastically increased over the last 
couple of years (Singla et al., 2024). Furthermore, McKinsey and Co. (Singla et al., 2025) recently found that AI 
adoption is happening across all sectors and organizational functions, however, each organization applies “the 
technology where it can generate the most value—for example, service operations for media and 
telecommunication companies, software engineering for technology companies, and knowledge management 
for professional-services organizations” (p.5). AI technologies can be understood as a “generation of 
technologies capable of interacting with the environment by (a) gathering information from outside (including 
from natural language) or from other computer systems; (b) interpreting this information, recognizing patterns, 
inducing rules, or predicting events; (c) generating results, answering questions, or giving instructions to other 
systems; and (d) evaluating the results of their actions and improving their decision systems to achieve specific 
objectives” (Glikson and Woolley, 2020, p. 628). 

Given the vast and ever-growing volume of data and information available to organizations today, it is no 
surprise that organizations are exploring ways to leverage AI, and more specifically, Generative AI (GenAI), for 
strategic planning (Leoni et al., 2024), decision-making (Marvi et al., 2024), operational efficiencies (e.g., process 
or task improvements and automations) (Brynjolfsson et al., 2018; Ferrario et al., 2020; Arias-Pérez and Vélez-
Jaramillo, 2022; Giovine et al., 2024), or innovation (i.e., creative tasks) (Giovine et al., 2024; Zhang et al., 2025). 
These implementations will not likely slow down, as organizations are seeing immediate benefits through 
increased revenues and reductions in costs (Singla et al., 2024). 

AI also presents considerable risks for organizations and their employees. The most publicized risk relates to job 
loss and labour displacements from the automation of various organizational tasks and processes (Briggs and 
Kodnani, 2023; Zhang et al., 2025) but other known risks include algorithmic bias, misinformation, inaccuracy, 
hallucinations, technological dependence, as well as privacy and cybersecurity concerns (Singla et al., 2024; 
Zhang et al., 2025). Most importantly, AI lacks explainability (i.e., it is non-deterministic and non-transparent), 
making its behavior difficult (or impossible) for individuals to understand or predict (Giovine et al., 2024; Zhang 
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et al., 2025). Many of these risks open the possibility of using inaccurate or biased information in the decisions 
being made.  

Considering the benefits and risks, many academics and practitioners have stressed the importance of 
understanding how humans come to trust these technologies and the information and knowledge (e.g., 
solutions/decisions) they produce (Ferrario et al., 2020; Glikson and Woolley, 2020). The objective of this paper 
is to further examine how AI trustworthiness can be assessed through the lens of a widely accepted 
organizational trust theory and model developed by Mayer, Davis, and Schoorman. 

2. A Theoretical and Empirical Model of Trust 
In the academic literature, trust is a widely defined and operationalized concept, with hundreds of different 
psychometric measures. However, there are only a handful of characteristics of trust (and associated models) 
that are based on well-grounded theory and have been empirically tested, especially in an organizational setting 
(McEvily and Tortoriello, 2011).  

Theorists generally agree that trust is dependent on a trustor’s (i.e., the person doing the trusting) expectation 
of how the trustee (i.e., person/actor being trusted) will behave, or what the outcomes of the act of trusting 
(e.g., interaction) would be. When a trustee fulfills the trustor’s expectations, this acts as a mechanism for 
creating and increasing trust. In many cases, especially those where no prior interactions exist, the trustor must 
be willing to take a risk (or make themselves vulnerable) to engage in a trusting behavior (Mayer et al., 1995). 
Of course, no risk-taking behavior is needed for there to be a willingness to be vulnerable (or trust), as all the 
risk is “inherent in the behavioral manifestation” or engaging in the trusting behavior and “assuming the risk” or 
making themselves vulnerable (Mayer et al., 1995, p. 724). Perceived risks moderate an individual’s willingness 
to be vulnerable and their risk-taking behavior (Mayer et al., 1995). The level of trust needed to engage in a 
trusting behavior will directly relate to the level of perceived risk or vulnerability involved in the situation 
(relative to the known benefits). The higher the perceived risk, the more trust is needed. Thus, context is a 
particularly important factor to consider because trust is largely situational and should always be qualified with 
a consideration of what the trustee is being trusted to do (Mayer et al., 1995; O’Neill, 2002; 2020). Trust typically 
develops over time through interactions between the trustor and the trustee but often changes based on a 
particular situation or context. For example, one may trust their nanny to care for their kids more than to fix 
their computer. 

A trustor needs to make themselves vulnerable (through their risk-taking behavior) to gather data about the 
trustee to see if they can be trusted in a particular situation. The trustee’s response (or the outcomes of the 
trusting behavior) is then used to assess their trustworthiness. Interactions (i.e., outcomes) where expectations 
of the trustee’s actions are fulfilled lead to a greater perception of their trustworthiness. If a trustor does not 
have enough interactions to accurately assess trustworthiness, they exhibit a “trust similar to blind faith” (Mayer 
et al., 1995, p. 730) or gauge trustworthiness through other individuals’ (or the organization’s) accounts of the 
trustee. 

Numerous factors or dimensions have been proposed to explain trustworthiness. However, the most widely 
adopted factors are those identified by Mayer et al. (1995; 2007). According to the authors, a trustor’s overall 
perception of the trustworthiness of the trustee will depend on their assessment of the trustee’s ability, 
integrity, and/or benevolence. Although a high amount of all three dimensions will produce a high perception 
of trustworthiness, all three are not needed for the trustor to engage in a specific trusting (i.e., risk-taking) 
behavior. Moreover, each dimension contributes uniquely to the perception of trustworthiness, and one 
dimension may be more pertinent or meaningful in a particular trusting situation than the others (e.g., Chen et 
al., 2011; Evans, 2012; 2013). For this reason, Mayer et al. (1995) propose that trustworthiness should not be 
viewed as binary, but rather as a continuum where the relative importance and strength of each dimension may 
change over time, especially as the number of interactions increases.  

Trust is further complicated by the proposition that every trustor has relatively stable internal characteristics 
that influence the amount of trust they have for any given trustee. Grounded in personality or social construction 
(culture, past experiences), Mayer et al. (1995) argue that individuals have a general willingness (or propensity) 
to trust others, especially prior to interacting with them, which transfers from one trusting situation to the next. 
In the context of AI, this trait could be understood as the overall willingness of the trustor to trust in AI, in the 
absence of a specific situation, context, or AI system (Hoff and Bashir, 2015; Schlicker et al., 2024).  

Mayer et al. (1995) define trust as “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 
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the ability to monitor or control that other party” (p. 712). In addition, the authors (Mayer et al., 1995; 
Schoorman et al., 2007) present a multidisciplinary Integrative Model of Trust [MoT], which further explains the 
relationship between all the factors discussed above (see Figure 1).  

 
Figure 1: Mayer et al.’s MoT (Adapted to include emotions and culture) 

This definition of trust, and the MoT, are among the most widely adopted and investigated conceptualizations 
of trust. Moreover, many MoT factors have been successfully operationalized and validated across numerous 
settings and disciplines (Schoorman et al., 2007; McEvily and Tortoriello, 2011). The MoT is also appropriate for 
studies looking at human trust in AI technologies because it is designed for organizational settings, applicable 
across different levels of analysis, and designed for unidirectional trust analysis (Mayer et al., 1995; Schoorman 
et al., 2007). 

3. Trust in Humans vs. Conversational GenAI 
There are some important differences in discussing how humans place trust in other humans and GenAI 
technologies. The first distinction is that the perceived and actual risk associated with trusting AI-produced 
information is different than the perceived or actual risk associated with acting on AI-generated information, 
without further challenging or verifying it. The former involves negligible risk since the AI is being used simply as 
a decision-aid. In fact, it may even reduce perceived risk by giving users the ability to privately ask questions that 
may be perceived as ignorant or risky if asked of a work colleague. On the other hand, taking the AI 
solution/information, unchallenged, and acting on it (or allowing the AI to autonomously act) bears a higher risk 
since there are now perceived and actual risks to the organization or its operations. As AI autonomy increases, 
or it is expected to complete more important tasks, make riskier decisions, or implement complex solutions, 
perceived (and actual) risk increases, requiring more trustworthiness in the AI. 

Some researchers argue that humans are naturally skeptical and risk-averse when it comes to relying on new 
technologies in general (Omrani et al., 2022) and AI systems specifically (Schmidt et al., 2020), especially when 
using them for important decision-making tasks (Solberg et al., 2022). Textor et al. (2022) suggest such concerns 
may be due to AI’s inability to understand and act on ethical principles, seeing ethical decision-making as a 
uniquely human skill. Other noted concerns include fairness, accountability, transparency, misuse, and privacy 
(Omrani et al., 2022; Marwala, 2024). Research also suggests that trustworthiness may be influenced by third-
party evaluations, culture (Mayer et al., 1995; Schoorman et al., 2007), and past experiences with AI (McKnight 
et al., 2017; Omrani et al., 2022; Choung et al., 2023a). Furthermore, humans are prone to cognitive biases 
(Solberg et al., 2022; Chi et al., 2023; Riley and Dixon, 2024) and affect (moods and emotions), which may distort 
assessments of risk and trustworthiness (Schoorman et al., 2007; Schmidt et al., 2020; Albahri et al., 2023). These 
same distortions have been argued to exist with trust in AI (e.g., Evans and Wensley, In press), with some 
researchers showing empirical evidence for it (Gillath et al., 2021; Chen et al., 2011; Frazier et al., 2016; Solberg 
et al., 2022; Choung et al., 2023a). 

Conversational AI is also unique in how users interact with it. For instance, the iterative nature of conversations 
allows users to receive numerous complex answers or solutions in a brief period of interacting with the AI. This 
type of information and knowledge exchange is rare in human-to-human interactions, as humans need time to 
process solutions, only have expertise in a limited set of domains, or may not have access to relevant 
information. Each solution or answer the AI provides, like information/knowledge exchanges with humans, acts 
as a proxy for helping to determine trustworthiness in a particular domain. For AI, trustworthiness may be 
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gauged in a shorter timeframe because interactions are more efficient (i.e., individuals can have a greater 
number of information and knowledge exchanges than with humans). However, conversational AI may also pose 
a problem for gauging trustworthiness because of how AI solutions are ‘negotiated’ to fit the user’s prompts. 
GenAI models use Natural Language Processing to analyze prompts, which are designed to infer and respond to 
the user's conveyed tone, as well as their wording or phraseology. Inadvertently, users may introduce biases 
into their prompts that alter the GenAI solution in a way that it better aligns with the user’s expectations or 
affects information quality. From a trust perspective, the GenAI is crafting a solution (outcome) that the user 
will inherently perceive as more or less trustworthy based on how prompts are designed, or conversations are 
negotiated. 

In a similar vein, it is important to note that the range of possible generated solutions fundamentally hinges on 
the data set used for training the GenAI (generally referred to as the corpus), as well as the statistical models 
and algorithms employed. The latter defines how the GenAI interprets and learns from the data, ultimately 
limiting or expanding the range of possible solutions. Users have no practical method to evaluate the corpus, 
the statistical models, or the algorithms used in decision-making, and even if they were able to access them, 
they would have no way to understand the nondeterministic logic used in generating any given solution. From 
a trust perspective, one could argue there is inherently higher risk in situations requiring the need for higher 
trustworthiness in lieu of sheer ‘blind trust.’ 

4. Trustworthiness Dimensions and GenAI  
Although every factor in the MoT is critically important for there to be an accurate assessment of trust, trust 
researchers (e.g., McKnight et al., 2000; Cho et al., 2015; Yilmaz and Liu, 2022) have stressed the specific 
importance of the trustworthiness factor. One of the most commonsensical arguments supporting this 
proposition is that individuals should want to put more trust in the trustworthy and less in the untrustworthy 
(O’Neill, 2002; 2020). 

As previously mentioned, the MoT proposes (and operationalizes) three dimensions, which as a set “explain a 
major portion of trustworthiness while maintaining parsimony” (Mayer et al., 1995, p. 722): Ability, Integrity, 
and Benevolence. Before elaborating on how each dimension applies in the context of GenAI, it is important to 
note that trustworthiness is situational (Mayer et al., 1995; Hoff and Bashir, 2015; Schlicker et al., 2024), and 
assessments change across tasks, domains, and even over time. It is also worth acknowledging that, unlike 
humans, AI technologies do not inherently possess benevolence, integrity, or any other values, making these 
dimensions difficult to directly observe or attribute to AI. Perceptions of these dimensions likely reflect some 
strategic organizational directive or organizational culture/value, which is ‘programmed’ into the decision-
making of the technology. This may cause users to conflate these trustworthy dimensions between the AI and 
the strategic planners who instituted the organizational cultures and directives, or the designers and developers 
of the technology. Moreover, designing and developing AI technologies to autonomously and programmatically 
follow a set of values (or act benevolently) may bias or modify the information/solution, influencing other 
trustworthy dimensions like ability (e.g., see Evans and Wensley, In Press). 

The next section explores each of the three dimensions of perceived trustworthiness. Each dimension is defined 
and explained in a human-human trust context and then in a human-AI trust context. It is important to note that 
although numerous studies exist exploring trust in AI, the AI or AI-related research papers cited below directly 
acknowledge or build on Mayer et al.’s MoT model and their Perceived Factors of Trustworthiness. This is meant 
to confirm the constructs are understood and applied uniformly, which is critical given the large number of trust 
measures and models available (McEvily and Tortoriello, 2011).  

4.1 Ability/Competence 

Ability-based trustworthiness refers to a “group of skills, competencies, and characteristics that enable a party 
to have influence within some specific domain” (Mayer et al., 1995, p. 717). It implies possession of domain-
specific information or knowledge that has the potential to increase organizational performance, increase 
operational efficiency, or lead to greater innovation.  

In humans, ability or competence is traditionally specific to a single, fixed domain (Zand, 1972), which supports 
why individuals may warrant higher trust in one domain than another (Schoorman et al., 2007). Since disparate 
knowledge may be required across different domains, ability-based trustworthiness in one domain does not 
guarantee it in another. Hoff and Bashir (2015) argue that a similar domain-specific trust will exist with AI 
technologies, suggesting researchers measure trustworthiness relative to the characteristics of the task being 
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performed by the AI. The context of the information or knowledge being requested is significant since GenAI will 
perform better in some contexts than others, based on the corpus and machine learning algorithms. 

Characteristics often connected with ability include professionalism, dedication, preparedness, and carefulness. 
In the context of decision- or task-aiding GenAI, ability-based trustworthiness will largely be assessed based on 
how “helpful, competent, or useful” (Glikson and Woolley, 2020, p. 631) the information (or solutions) the 
system provides are. Lewis and Marsh (2022) suggest that evidence of competence comes from past 
performance and/or an understanding of the AI’s mechanisms and capabilities.  

Several researchers have built on, or extended, Mayer et al.’s (1995) ability-based trustworthiness dimension to 
apply it in an AI or AI-related context (e.g., automated-systems, machine learning technologies, multi-agent 
systems, automation, and robotics). From a theoretical perspective, this dimension is commonly adopted 
verbatim, referring to the technologies’ ability (e.g., Kessler et al., 2017; Toreini et al., 2020; Schlicker et al., 
2021) or competence (e.g., Lewis and Marsh, 2022; Matsuura and Shirasaka, 2024). These terms can be 
considered as being synonymous, both referring specifically to the technology’s skills and domain knowledge. 
Other theorists suggest latent computer science-related dimensions, which relate closely to the construct of 
ability, like explainability (Giovine et al., 2024), accuracy (Ferrario et al., 2020), transparency (Hoff and Bashir, 
2015; Glikson and Woolley, 2020), performance, robustness, latency, or accuracy (Schlicker et al., 2021; 2025).  

Ability (e.g., Langer et al., 2023; Agnihotri and Bhattacharya, 2024) and competence-based trustworthiness (e.g., 
Gulati et al., 2018) have also been explored empirically, in the context of AI and AI-related technologies. These 
factors largely measure whether the technology performs tasks effectively and efficiently (i.e., meeting user 
expectations), considers important information, possesses technical know-how, and provides accurate results. 
Other empirical studies, building on the MoT, employ latent subdimension variables to represent ability- or 
competence-based trustworthiness, like performance (Park, 2020; Chita-Tegmark et al., 2021; Alarcon et al., 
2024a), functionality (Choung et al., 2023b; Kleizen et al., 2023), capability and reliability (Chita-Tegmark et al., 
2021). Most of these constructs accurately capture aspects of ability and competence; however, some also 
introduce the notion of consistency over time, which, as will be discussed below, is likely an aspect of integrity-
based trustworthiness, not ability. It is important not to conflate these constructs. Moreover, Singh and Mayer 
(2024) warn that although a greater perception of ability may increase trustworthiness in the AI, if the AI is 
perceived as malevolent, higher ability could also lead to decreased trust. This highlights the importance for 
research studies to explore all the dimensions of trustworthiness and the interactions between them to better 
understand their impact on AI trustworthiness. 

4.2 Integrity 

Integrity-based trustworthiness reflects a perception that the “trustee adheres to a set of principles that the 
trustor finds acceptable” or that are “sound” (Mayer et al., 1995, p. 719). These principles can vary slightly; 
however, common themes include acting fairly, consistently, and with a strong “sense of justice” (p. 719).  As 
with ability, several researchers have built on or extended Mayer et al.’s (1995) integrity-based trustworthiness 
dimension to apply it in an AI or AI-related context. From a theoretical perspective, this dimension is commonly 
adopted directly, referring to the technologies’ integrity (Kessler et al., 2017; Toreini et al., 2020; Schlicker et al., 
2021; Lewis and Marsh, 2022). Most of these authors propose definitions that generally suggest the trustee’s 
adherence to a set of principles acceptable to the trustor. Schlicker et al. (2021) provide some further guidance 
on this measure in AI by associating it with related factors like transparency, adherence to ethical guidelines, 
and reliability. Several other theorists follow suit with factors that relate closely to the construct of integrity, like 
honesty (i.e., making and honoring agreements, avoiding deception, and adhering to promises or expectations) 
(Lewis and Marsh, 2022; Mehrotra et al., 2024), reliability (i.e., the technology exhibits behavior that is expected 
by the user, and that it acts consistently over time) (Hoff and Bashir, 2015; Glikson and Woolley, 2020; Matsuura 
and Shirasaka, 2024), predictability (i.e., the technology performs actions consistently and expectedly) (Toreini 
et al., 2020; Lewis and Marsh, 2022), transparency (i.e., the technology informs the user about the decision-
making logic or operating rules) (Glikson and Woolley, 2020; Hoff and Bashir, 2015; Shin, 2021; Mehrotra et al., 
2024), and fairness  (Mehrotra et al., 2024). 

Integrity-based trustworthiness has also been explored empirically in the context of AI and AI-related 
technologies (e.g., Gulati et al., 2018; Choung et al., 2023b; Langer et al., 2023; Agnihotri and Bhattacharya, 
2024). In these studies, integrity is generally used to describe technologies that provide honest, objective, 
consistent, unbiased, or reliable recommendations and those that adhere to ethical standards valued by the 
trustor. Other closely related factors include reliability (Chita-Tegmark et al., 2021), predictability (Gulati et al., 
2018), accountability (Shin, 2021), fairness (Shin, 2021), and honesty (Gulati et al., 2018).  
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4.3 Benevolence-Based  

Benevolence-based trustworthiness reflects a perception that the trustee has the trustor's welfare (e.g., needs, 
desires, and interests) in mind and intends on doing “good to the trustor” (Mayer et al., 1995, p. 718), “aside 
from an egocentric profit motive” or extrinsic reward (Schoorman et al., 2007, p. 345). Essentially, this is a 
perception that the trustee will not harm the trustor, knowingly, and will even go out of their way to help. Low 
benevolence-based trust would be assessed in cases where “information [is used] in a way that helps the 
company most, even at the possible expense of the employee” (Mayer et al., 1995, p. 721). Common 
characteristics associated with benevolence include altruism and loyalty. 

Fewer researchers have proposed, adapted, or extended Mayer et al.’s (1995) benevolence-based 
trustworthiness dimension to an AI or AI-related context. From a theoretical perspective, this dimension is 
largely adopted directly, referring to the technologies’ benevolence (Evans and Wensley, In press; Kessler et al., 
2017; Lewis and Marsh, 2022; Schlicker et al., 2021; Toreini et al., 2020). Most of these authors propose 
definitions that generally suggest a belief that the technology will do good to the trustor, or act in the trustor’s 
best interests. Benevolence has also been explored empirically, in the context of AI and AI-related technologies 
(Agnihotri and Bhattacharya, 2024; Choung et al., 2023b; Gulati et al., 2018; Langer et al., 2023). 
Operationalization in these studies reflects a similar definition. Other studies measure closely related factors like 
goodwill (Matsuura and Shirasaka, 2024), which is described as the trustee's intention to act in the trustor's best 
interest or purpose (Alarcon et al., 2024a; Alarcon et al., 2024b; Park, 2020), which is described as an alignment 
between the intended application of the system and the user’s needs. 

5. Building Trustworthiness in GenAI 
Although research has been conducted identifying individual factors that influence trustworthiness dimensions, 
most of these findings offer limited practical application or guidance for GenAI use in organizations. This paper 
will, instead, conclude by briefly speaking to three potential avenues for building Gen-AI trustworthiness: subject 
matter expertise validation, explainable AI (XAI), and prompt engineering education. 

Subject matter expertise validation builds perceived trustworthiness in AI by involving credible experts or trusted 
agencies to assess and endorse AI systems (Afroogh et al., 2024). This process can ensure transparency through 
comprehensive documentation, which outlines the system's lineage, safety, performance, and ethical 
considerations. Expert evaluations also reassure users about the system's accuracy, reliability, and ethical 
compliance, fostering trustworthiness without requiring technical expertise. In healthcare, subject matter 
experts like clinicians and biomedical scientists enhance trustworthiness by ensuring dataset quality, refining 
diagnostic criteria, interpreting outputs in real-world contexts, and advocating for AI adoption (Winter and 
Carusi, 2022). Their collaborative involvement throughout development integrates social, epistemic, and 
technical dimensions, making AI outputs relatable, actionable, and socially acceptable. This approach highlights 
that trustworthiness in AI is not just a technical achievement but a sociotechnical construct shaped by human 
expertise and interactions.  

Explainable AI (XAI) is also a promising approach for building perceived trustworthiness in AI systems by making 
their decision-making processes transparent and understandable to users (Chamola et al., 2023). XAI addresses 
the black-box nature of AI models, which lack clarity in their operations, leading to concerns about correctness, 
bias, reliability, and accountability. By providing clear explanations of how AI systems arrive at their conclusions, 
XAI fosters trustworthiness and confidence among users, stakeholders, and regulators.  Transparency and 
interpretability are key aspects of XAI, enabling users to comprehend the rationale behind AI decisions, 
particularly in high-stakes sectors like healthcare and finance. Additionally, XAI supports accountability by 
ensuring AI systems can be held responsible for their actions and aids regulatory compliance by adhering to legal 
frameworks like GDPR. XAI also enhances the reliability of AI-user interactions, fostering trust in the 
collaborative process between AI and its users (Ferrario and Loi, 2022). XAI research has already examined 
factors closely related to trustworthiness dimensions (e.g., accountability, fairness, transparency) and has found 
them to have a positive influence on trust (Shin, 2021). Recently, XAI researchers (Mehrotra et al., 2024) have 
even begun testing integrity-based AI explanations based on schemas for fairness, transparency, and honesty 
with similar positive results.  

Finally, prompt engineering education is identified as a key method for building perceived trustworthiness in AI 
systems (Kraljic and Lahav, 2024). By teaching users how to craft well-structured prompts, it enhances the quality 
of AI-generated outputs, making interactions more reliable and goal-directed (Knoth et al., 2024). This education 
helps users understand AI's capabilities and limitations, reducing misconceptions and fostering confidence in its 
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outputs. It also enables users to critically evaluate results, address issues like hallucinations, and delegate tasks 
appropriately, which are essential for trust-building.  Additionally, prompt engineering complements AI literacy 
by empowering users with knowledge about AI processes, roles, and limitations, allowing them to make 
informed decisions and maintain agency in AI-assisted tasks. Together, these skills create a foundation for 
responsible and confident use of AI in professional contexts. Still, critics suggest that prompt engineering may 
limit accessibility and currently does not align with natural human language use, advocating for collaborative AI 
interfaces that evolve intents with users to share effort (Kraljic and Lahav, 2024). Despite this, prompt 
engineering remains a valuable tool for fostering trustworthiness by empowering users to better understand 
and control AI outputs. 

Ethics declaration: Ethical clearance was not required for this research. 
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