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Summary

This thesis comprises three essays investigating trust in artificial intelligence
(AI) in the organizational context. In Essay 1, I reviewed prior literature on trust in Al
to develop a nomological network, outlining its antecedents and consequences. I then
conducted a meta-analysis based on 104 empirical articles, 120 independent studies,
and 592 effect sizes to quantitatively summarize the empirical findings relevant to
trust in Al and theoretical relationships in the nomological network. I also explored
potential moderators of those relationships, including trust measurement, Al
embodiment, and study artifacts. In Essay 2 and Essay 3, I examine a critical
antecedent of trust in Al identified from Essay 1 — Al transparency. I propose a
multifaceted typology of Al transparency consisting of four key facets: Al
information disclosure (i.e., the extent to which information about how and/or why Al
reaches a particular decision/prediction is disclosed), accuracy (i.e., the extent to
which the information delivered by Al is accurate), clarity (i.e., the extent to which
the information delivered by Al is understandable for recipients, even with limited
technical knowledge), and personalization (i.e., the extent to which information
delivered by Al is tailored to receiver’s unique characteristics or preferences). Two
between-subject experiments examined how Al information disclosure and accuracy
(Essay 2) and clarity and personalization (Essay 3) influenced the development of

trust in Al during an Al-mediated career assessment and recommendation session.
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Essay 1: Trust in Artificial Intelligence: A Narrative and Meta-Analytic Review
Introduction

The past few decades have witnessed the growing prevalence of artificial
intelligence (Al) technologies (IBM, 2022) in daily life as well as business activities,
such as customer service (Huang & Rust, 2018), medical diagnosis (Yokoi et al.,
2021a), automated driving (Ajenaghughrure et al., 2020), and talent attraction,
selection, performance management, and learning and development (Black & van
Esch, 2020; Lacroux & Martin-Lacroux, 2022; Landers et al., 2023; Tambe et al.,
2019). During these Al implementations, trust-building has emerged as a critical
challenge. Recent reports revealed that Al was adopted in at least one business unit or
function in half of the surveyed organizations (Maslej et al., 2023), yet many
organizations have not taken steps to ensure Al is perceived as trustworthy (IBM,
2022), resulting in underutilization of Al-assisted data science by decision-makers.

Beyond its practical relevance, trust in Al also raises important theoretical
questions. Trust has long been an important construct in understanding human-human
interactions, and it has since evolved into a core concept in facilitating human
interactions with technologies, such as computers, automation, and robots. Nowadays,
the extension of trust theories into the Al context introduces novel considerations —
how is trust in Al similar to or different from interpersonal trust and trust in
traditional technologies? Are classic trust frameworks, such as Mayer et al.’s (1995)
ability-benevolence-integrity framework, applicable in the Al context (e.g., Lalot &
Bertram, 2025; Li & Bitterly, 2024)? This prompts a need to map the current
landscape of trust in Al research.

Moreover, despite research findings that trust in Al directly influences

whether individuals accept Al-generated information, follow Al-provided



suggestions, and benefit from the Al implementation (Hancock et al., 2011; Glikson
& Woolley, 2020), there is a lack of holistic and systematic understanding of how
trust in Al connects with other theoretical constructs (e.g., antecedents, consequences)
in its nomological network. Researchers have also pinpointed ongoing controversies
over the conceptualization of trust (J. D. Lee & See, 2004; McKnight et al., 2002;
Rousseau et al., 1998). Due to its multidisciplinary nature, the literature on trust in Al
has adopted diverse approaches, potentially creating ambiguity in interpreting prior
findings and limiting theoretical progress.

To address these gaps, I comprehensively review current research on trust in
Al in Essay 1 by conducting both a narrative review and a meta-analysis. The
narrative review fulfills the redirect purpose (Cronin & George, 2023), organizing
current domain knowledge about trust in Al (e.g., how it has been theoretically and
empirically studied), developing a nomological network, and identifying avenues for
future research.

The meta-analysis complements this effort by serving the adjudication
purpose, quantitatively aggregating empirical findings for the theoretical relationships
identified in the narrative review. As primary studies often lack sufficient power to
detect or accurately estimate effect sizes (Lipsey & Wilson, 2001) or are susceptible
to distortion by sampling error and other artifacts (Hunter & Schmidt, 2004), a meta-
analytic approach provides more accurate estimates of effect sizes and enables the
identification of moderators that help inform future research directions (Geyskens et
al., 2008).

For the rest of Essay 1, I first present the theoretical background of this study,
then present the results of the narrative review and meta-analysis, respectively. Essay

1 concludes with a discussion of contributions, limitations, and future directions.
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Theoretical Background
Artificial Intelligence

Artificial intelligence (Al) has been studied across various disciplines (e.g.,
computer science, psychology, management) and applied in diverse domains, such as
medical diagnosis systems (Alam & Mueller, 2021; Juravle et al., 2020),
recommendation agents (Bigras et al., 2018; Shi et al., 2021), and virtual assistants
(Hasan et al., 2021; Pitardi & Marriott, 2021). Researchers have proposed different
definitions of Al based on the features they believe to be most critical to the concept.
In general, Al refers to software-based technologies that, for a given set of human-
defined objectives and based on available information, can mimic human decision-
making process by learning, reasoning, and making predictions, recommendations, or
decisions (Glikson and Woolley 2020; Kaplan et al., 2023; Qin et al., 2025)!. Ferras-
Hernandez (2018) outlined four core capabilities of Al: (a) interacting with the
environment by gathering information from external sources (e.g., natural language,
other computer systems), (b) interpreting this information to recognize patterns,
induce rules, or predict events; (c) generating outputs such as results, answers, or
instructions for other systems; and (d) evaluating the outcomes of their actions and
improving their decision processes over time.

Al thus differs from non-Al-driven forms of automations (e.g., traditional
conveyor belts), robots (e.g., conventional warehouse robots), and algorithms (e.g.,
rule-based algorithms) that may execute predefined tasks but lack the capacity to
adapt to new environments and improve autonomously through learning.

Trust Across Humans, Technologies, and Artificial Intelligence

! Generative Al technologies (GenAl) were not discussed in Essay 1, as the data collection for Essay 1
was completed prior to the widespread discourse on GenAl in academic research. For further
discussions and comparisons among Al-related technologies, please refer to Appendix 1.
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Trust in Humans

Trust is originally studied in the human-human interaction context, such as
interpersonal trust (Rotter, 1967), social exchange (Blau, 1964; Luhmann, 1968),
service relationship (Johnson & Grayson, 2005), and trust in organization
relationships (Mayer et al., 1995; Mayer & Davis, 1999; McKnight et al., 1998). It is
conceptualized in various forms, such as expectancy, beliefs, or behavioral intentions.
For example, Rotter (1967) theorized trust as “an expectancy held by an individual or
a group that the word, promise, verbal or written statement of another individual or
group can be relied upon” (p. 651). Trust also represents individual willingness to be
vulnerable to the actions of another party (Mayer et al., 1995), or to depend on the
party based on its perceived characteristics (McKnight et al., 1998; Rousseau et al.,
1998). These conceptualizations underscore the relevance of trust in situations
characterized by risk, uncertainty, or vulnerability.

One of the most common conceptualizations of trust is proposed by Mayer et
al. (1995, p. 4), defined 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 the ability to monitor or control that
other party”. This definition views trust as a unidimensional construct, but proposes a
three-dimensional framework of trustworthiness (i.e., ABI) to predict trust.
Specifically, they argue that a major portion of Al trustworthiness is explained by
three factors — ability (i.e., group of skills, competencies, and characteristics that
enable a party to influence within some specific domain), benevolence (i.e., the extent
to which a trustee is believed to want to do good to the trustor, aside from an
egocentric profit motive), and integrity (i.e., perception that the trustee adheres to a

set of principles that the trustor finds acceptable; Mayer et al., 1995). Individuals form
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such beliefs based on observations and evaluations of the abovementioned
antecedents, which subsequently contribute to the perception of Al trustworthiness.
Trust, in turn, informs risk-taking behaviors and subsequent outcomes.

Another well-known conceptualization is the distinction between cognition-
based and affect-based trust proposed by McAllister (1995). Cognition-based trust
refers to trust grounded in rational evaluation, where individuals rely on observable
cues or direct information to assess another’s trustworthiness based on their
reliability, character, or competence. In contrast, affect-based trust is rooted in
emotional bonds and interpersonal care, arising from emotional investments in the
relationships, genuine concern for another’s well-being and a belief in reciprocal
sentiments.

In addition, Lewicki and Bunker (1996) provide a dynamic view of trust, in
which trust develops and emerges over time. They argue that all trust relationships
begin with calculus-based trust (grounded in potential gains and costs from
transactions in the relationship), then develop to knowledge-based (knowing the other
sufficiently to predict the other’s behavior) and subsequently identification-based
(mutual understanding with identification with the other).

In this dissertation, I employ the conceptualization of Mayer et al. (1995)
given its theoretical and empirical relevance to trust in the Al context. This will be
further elaborated in subsequent sections.

Trust in Technology

As technologies evolved, researchers have investigated trust between human
and non-human entities and technologies, such as automation (Jian et al., 2000; J. D.
Lee & See, 2004; Schaefer et al., 2016), e-Commerce (Gefen et al., 2003; McKnight

et al., 2002), robot (Hancock et al., 2011), and algorithms (Logg et al., 2019).
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McKnight et al. (2011) defined trust in technology as a belief that a specific
technology will work in a functional, helpful and reliable way in a situation where
negative consequences are possible. In such conceptualization, functionality,
helpfulness, and reliability correspond to the ability, benevolence, and integrity
elements in the ABI model. Lee and See (2004) proposed a relatively new approach to
conceptualizing trust as an attitude. Their definition of trust as “the attitude that an
agent will help achieve an individual’s goals in a situation characterized by
uncertainty and vulnerability” (p. 51) has been widely adopted in empirical studies of
trust in human-machine interactions (e.g., Ashoori & Weisz, 2019; Liu, 2021;
Nasirian et al., 2017).

These conceptualizations of trust in Al put a heavier emphasis on the
capability or functionality of technology as the basis of trust, with an implicit
assumption that technology lacks agency or intrinsic motives. Nevertheless, the
Computers Are Social Actors (CASA) paradigm proposes that individuals often treat
computers and automated agents as social beings by applying social norms and
stereotypes to them (Nass et al., 1997). There is also empirical and neurological
evidence for similarities shared between trust in humans and technologies such as
automation (Li et al., 2024; Lewandowsky et al., 2000; Hoff & Bashir, 2015).

Trust in AI

As with traditional technologies, there has been considerable debate about
whether Al is capable of being trusted. Consistent with recent research, I identify Al
as a capable referent of trust (Dirks & de Jong, 2022; Glikson & Woolley, 2020; Lalot
& Bertram, 2025). Al is distinct from other traditional technologies (e.g., automation)
in its capability of adaptation and self-learning, making it much closer than previous

generations of technologies in interacting with people and serving social functions.
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The context of human-Al interactions inherently embeds certain levels of risk and
vulnerability for users due to the complex mechanisms and non-determined behaviors
of Al, which creates a context for trust formation.

Empirical findings support such arguments — the integrative model of ABI,
though originating from interpersonal trust research, is found to be applicable in the
Al context and significantly predicted trust in Al and usage intentions (Lalot &
Bertram, 2025). In addition, prior studies found that people treat Al as real social
actors, displaying attachment and even romantic love for such technologies (e.g.,
Gillath et al., 2021; Song et al., 2022).

There has been a few review efforts in consolidating research on trust in Al,
albeit with a predominant focus on its antecedents (Glikson & Woolley, 2020; Kaplan
et al., 2023; Li et al., 2024). In a narrative review, Glikson and Woolley (2020)
proposed a theoretical framework for antecedents of trust in Al, which consisted of
six dimensions — anthropomorphism, reliability, tangibility, transparency, intimacy,
and task characteristics. In a meta-analytic review, Kaplan et al. (2023) categorized
the predictors of trust in Al based on their relevance to Al, human, or context, and
summarized the empirical findings for each category. These two reviews revealed
some common insights. First, a consolidated framework helps to better organize the
antecedents of trust in Al. Second, certain factors may moderate the relationship
between trust in Al and its antecedents. For example, both reviews suggested that the
way Al is presented (e.g., robotic, virtual, embedded) may serve as a moderator.

In addition, there is a methodological concern regarding research on trust in
Al Due to the popularity of this research across fields and disciplines, researchers
have adopted different conceptualizations, operationalizations, and measurements of

trust in Al in empirical investigations. For example, trust has been conceptualized as
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an expectation or belief (Mcknight et al., 2011; Rotter, 1967), attitude (J. D. Lee &
See, 2004), or willingness to act (Mayer et al., 1995; McKnight et al., 1998; Rousseau
et al., 1998). Different conceptualizations of trust have led to different
operationalizations and measurements of trust and trust in Al: trusting belief (Jian et
al., 2000; McAllister, 1995; McKnight et al., 2002), trusting intention (Juravle et al.,
2020; Komiak & Benbasat, 2006), or trusting behavior (K. Gupta et al., 2019;
Schmidt et al., 2020). For more rigorous research endeavors in the future, it therefore
becomes theoretically important to organize domain knowledge and consolidate these
methodological approaches of trust in Al
Narrative Review

Based on the discussions above, I address three research questions in the
narrative review: (1) How is trust in Al conceptualized, operationalized and measured
in current research? Is there a consensus on it? (2) What are the antecedents and
consequences of trust in AI?
Review Methodology

Given the interdisciplinary nature of research on trust in Al, I conducted a
comprehensive literature search across disciplines (Harari et al., 2020), such as
business, management, psychology, communication, computer science, and
ergonomics. First, I searched articles on trust in Al published as of April 2023 in
multiple databases — Web of Science, EBSCO, JSTOR, PsychINFO, ProQuest,
IEEEXPIore, and EngineeringVillage. A list of Al-related keywords was generated

based on our definition of Al: artificial®, intelligen™®, Al, machine learning, expert



system, intelligent agent, and intelligent automation.” These terms were crossed with

trust to identify the articles on trust in Al. This search process yielded 1191 articles.
After removing duplicates, a total of 1107 articles were left for further screening.
Following prior recommendations, a detailed outline of the screening process is
presented in Figure 1 in terms of a Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) flowchart (Moher et al., 2009).

To determine whether articles are eligible for the narrative review, I excluded
articles that (1) were not written in languages other than English (n = 3), did not
discuss or examine trust in Al (n = 755), and did not discuss or examine trust in Al at
the individual level (n = 113), leaving 236 articles.

Review Findings

This section presents the insights from the narrative review, organized by the
two research questions. First, | examine how trust in Al has been conceptually and
empirically studied in prior studies. Second, I develop a nomological framework of
trust in Al (Figure 2), outlining its core constructs, antecedents, and consequences.
Conceptualizations and Operationalizations of Trust in Al

Table 1 summarizes the conceptualizations and operationalizations of trust and
its related constructs (i.e., propensity to trust, trustworthiness) across interpersonal
and Al contexts. Consistent with prior research (J. D. Lee & See, 2004; McKnight et
al., 2002; Rousseau et al., 1998), our review uncovered the diverse focuses when
conceptualizing and operationalizing trust in Al. In general, most conceptualizations

or definitions of trust in Al borrow from existing measures from interpersonal trust

2 An asterisk (*) is an identifier used to find the synonyms that start with the word preceding it (e.g., for
intelligen*®, the search includes the words such as intelligent and intelligence). For discussions of other
Al-related technologies, please refer to Appendix 1.
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research, albeit with slight adjustments that reflect the unique characteristics of Al,
particularly its capability or competence.

A stream of research conceptualizes trust in Al as a belief, representing the
trustor’s belief that Al will display expected attributes or behaviors. For example,
Shin (2021) defined trust as “the belief that a vendor’s services and/or reported results
are reliable and trustworthy, and that the vendor will fulfill obligations in an exchange
relationship with the user” (Shin, 2021, p. 4; see also Shin & Park, 2019). These
belief-based definitions are typically related to perceptions of trustworthiness, which
is an antecedent of trust in AI. While some empirical studies rely on Mayer et al.’s
(1995) ABI framework to develop three-dimensional scales to measure trust beliefs
(e.g., Huetal., 2021; Shi et al., 2021; Suen & Hung, 2023), it is worth noting that
trustworthiness and trust beliefs are essentially distinct constructs. Compared to
trustworthiness, which encompasses specific attributes of the trustee (e.g.,
competence in planning routes), trust beliefs represent a broader and more general
belief in and expectation of the trustee (e.g., performs as expected).

Alternatively, Lee and See (2004) proposed a relatively new approach to
conceptualizing trust as an attitude, defined as “the attitude that an agent will help
achieve an individual’s goals in a situation characterized by uncertainty and
vulnerability” (p. 51). This perspective has been widely adopted in studies of trust in
human-machine interactions (e.g., Ashoori & Weisz, 2019; Liu, 2021; Nasirian et al.,
2017). It describes the basis of trust as performance and individual goals and
emphasizes the role of context in which trust is cultivated. Trust attitude is typically
measured using single-item indicators such as “How much do you trust ...?”” on a
Likert scale or a percentage score (e.g., Juravle et al., 2020; Ozanne et al., 2022; Yin

et al., 2019), or multi-dimensional scales capturing different attitudinal facets, such as
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cognitive and affective facets (e.g., Komiak & Benbasat, 2006; McAllister, 1995;
McKnight et al., 2011).

Studies that conceptualize trust as intentions and behaviors often follow prior
frameworks (e.g., willingness to act; reliance-related behavior; Mayer et al., 1995;
Dietz & Den Hartog, 2006) with the operationalizations tailored to the task or context.
These studies assess whether the trustor is willing or planning to accept the
information or recommendations provided by Al, share task responsibility, or delegate
the decision-making power to Al at a future time point (e.g., Juravle et al., 2020;
Komiak & Benbasat, 2006; S. Y. Zhang et al., 2021). In more applied settings, trust is
reflected in observable behaviors, such as reliance on AI’s suggestions and decisions
(Gobel et al., 2022; T. Kim & Song, 2021; Yin et al., 2019; G. Zhang et al., 2023),
viewing and monitoring patterns (e.g., Gobel et al., 2022; Ozanne et al., 2022; Sharan
& Romano, 2020), or trust in subsequent tasks (Yokoi & Nakayachi, 2019). Trust
behaviors can also be captured with physiological metrics, such as head movement
(M. Gupta & Sinha, 2022), visual focus (Manchon et al., 2021), and brain activity
(Montag et al., 2023).

Essentially, these varied conceptualizations all tap into the construct of trust in
Al Nevertheless, I note the different focuses of these conceptualizations in the
nomological network to fully reflect these nuances.

Antecedents of Trust in Al

To summarize the antecedents of trust in Al investigated in the included
articles, I classify them into four first-order categories based on their relevance to Al
(trustee), human (trustor), task (trust object), and the broader context. This
categorization draws conceptual support from Schilke et al. (2021), who describe trust

as “A trusts B with respect to issue X and highlight three components of trust — the
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trustor (the actor placing trust), the frustee (the target of trust), and the trust object
(the domain or activity in which trust is placed). Despite its simplicity, such
categorization is grounded in established work in literature on trust (e.g., Schilke et
al., 2021) and trust in AI (e.g., Kaplan et al., 2023; Lalot & Bertram, 2025; Li et al.,
2024). While it does not explicitly discuss the broader context, I extend it by adding
context as a distinct category to capture other situational factors (e.g., social,
organizational, physical) that shape the trust process (Fulmer & Gelfand, 2012; J. D.
Lee & See, 2004; Johns, 20006).

It is worth noting that Johns (2006) considers task context to be one dimension
of discrete context, alongside social (e.g., social influence, social density) and
physical elements (e.g., the built environment or decoration). However, I treat task-
related factors as analytically distinct from context-related factors in this nomological
network. Task-related factors include features and characteristic of the immediate
domain or activity in which Al is expected to perform (i.e., trust object; Schilke et al.,
2021), whereas the context-related factors refers to other “situational opportunities
and constraints that affect the occurrence and meaning of organizational behavior as
well as functional relationships between variables” (Johns, 2006, p. 386). This aims to
allow for a clearer alignment with the trust process model and facilitates
differentiation between the object of trust and the conditions under which trust
develops.

Given the large number of antecedents identified from the included studies, I
draw on established theoretical frameworks concerning technology acceptance and
adoption (e.g., the Unified Theory of Acceptance and Use of Technology, Venkatesh
et al., 2003; the Information System Successful Model, DeL.one & McLean, 1992;

Glikson & Woolley, 2020) to inform the coding and categorization of antecedents.
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Table 2 provides definitions, representative constructs from the dataset, and
corresponding sources for each antecedent.

Al-Related Factors. Our included articles reveal a series of antecedents of
trust in Al that are relevant to AI’s design characteristics, its performance, and its
interaction with human trustors. Design characteristics, such as tangibility and
anthropomorphism, have received extensive research attention in the human-Al
interaction (e.g., Glikson & Woolley, 2020; Lalot & Bertram, 2025), as they are
“engineerable” and can be tailored to enhance individual acceptance of Al (Li et al.,
2025). Tangibility captures the capability of Al to be perceived or touched (e.g.,
physical presence or embodiment), and anthropomorphism reflects the perception that
Al is perceived to possess human qualities like feelings (Glikson & Woolley, 2020).

Al’s performance reflects its competency or ability to perform the assigned
task for achieving an individual’s goals. Prior models of technology adoption (e.g.,
Unified Theory of Acceptance and Use of Technology, Venkatesh et al., 2003,
Venkatesh, 2022, Blut et al., 2022; Information System Successful Model, DeL.one &
McLean, 1992) have emphasized the critical role of this factor in facilitating users’
acceptance and adoption of technologies. Al performance is associated with an
individual’s perceptions that Al is easy to use (effort expectancy), displays consistent
behaviors over time (reliability), produces accurate results and suggestions
(accuracy), delivers satisfactory performance, and/or helps the individual improve
performance (performance expectancy).

Another set of desired characteristics of Al concerns the interaction process.
This includes the disclosure of information (transparency), quality of information, and
quality of interaction. Transparency reflects the extent to which the underlying

operating rules and inner logics of Al are apparent to the trustor (Glikson & Woolley,
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2020). Such information can be hidden as part of the technological black box or
disclosed via various approaches differing in content, visualization, and
comprehensibility. Disclosed information also varies in quality in terms of richness,
precision, and personalization. In addition to information, interaction with Al consists
of various levels of interactivity and immediacy, potentially affecting the physical or
psychological closeness between both parties.

Human-Related Factors. Past studies have identified a rich set of human-
related factors that affect the development of trust in Al First, a human trustor’s past
experiences and expertise related to Al, technology, or the task itself, as well as the
ability to understand Al-generated information and suggestions, are critical as they
help the trustor better evaluate the trustworthiness of Al and decide whether to trust it
or not. Emotional states, traits, and demographics are also found to be associated with
trust in Al. Traits that are particularly relevant in the context of Al include self-
efficacy with Al or task, attitudes toward Al and traditional technologies, propensity
to trust, and big five personalities. Basic demographics like age, gender, and
education have been recognized by prior studies to affect the acceptance of
technologies (e.g., Venkatesh, 2022; Venkatesh et al., 2003). Particularly, in
organizational settings, the trustor’s job characteristics (e.g., function, experience,
authority, and autonomy at work) have the potential to affect trust in Al as well.

Task-Related Factors. Glikson and Woolley (2020) emphasized task
characteristics as one of the six factors to consider in the development of trust in Al
Research in this area has mostly focused on the performer (e.g., Al vs. human), the
domain or area of the task, and specific features of the task, such as risk, complexity,
and uncertainty. These factors reflect the trustor’s expectations of potential error

costs, cognitive or emotional loads, and unpredictability arising from the use of Al
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Context-Related Factors. Our review revealed several factors that capture the
features of the broader organizational or social context in which the task happens. In
organizational settings, leadership (e.g., leadership styles), culture (e.g., collectivism),
regulation and policies can be leveraged to facilitate employees’ trust in Al. In more
general settings, social influence (i.e., the extent to which an individual perceives that
important others believe he/she should use Al) serves as an important antecedent.
Consequences of Trust in AI

Our included papers predominantly focused on exploring the factors that
benefit or harm trust in Al, with relatively less attention paid to the consequences of
trust in Al. The first downstream consequence of trusting Al refers to individual
perceptions and attitudes about Al and its products. Choung et al. (2022) found that
trust in Al voice assistants significantly influenced the intention to use Al by affecting
perceived usefulness and participants’ attitudes toward Al. Malhotra and Ramalingam
(2023) revealed that trust in Al was positively related to perceived animacy and
intelligence of the product using Al although the relationships did not reach statistical
significance. Trust in Al also affects individuals’ privacy concerns during their
interactions with Al, which subsequently affect their information disclosure behaviors
(Shin et al., 2022). The second set of consequences is behavioral — capturing whether
trustors decide to use Al and how good the outcomes of their Al usages are (Bucinca
et al., 2021; Leichtmann et al., 2023). Finally, a distinct set of research focuses on
marketing-related outcomes, investigating the effect of trust in Al on product
promotion effectiveness (C.-Y. Wang et al., 2020) and consumer-brand relationship
(Jham et al., 2023).

In many studies, trust behavior is investigated as the ultimate outcome of the

theoretical models. Yet I would like to emphasize the value of understanding more
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consequences of trust in Al. This is particularly relevant as human-Al interactions can
happen multiple times, lasting for a certain period. Investigating how individuals
update their perceptions and evaluations of Al as well as how trust evolves over time
would be of critical theoretical and practical value.

Potential Moderators

Al embodiment, or type of Al representation, has been indicated by previous
reviews as a potential factor affecting the relationships between trust in Al and its
antecedents. Kaplan et al. (2023) identified four types of common uses of Al —
chatbots, robots, automated vehicles, and nonembodied, plain algorithms — based on
their meta-analysis data. Glikson and Woolley (2020) organized their review based on
three types of Al embodiments — robotic, virtual, and embedded — and argued that the
development of trust between humans and Al would be different across various Al
embodiments. Specifically, robotic Al refers to Al-enabled robots, virtual Al refers to
Al-enabled virtual agents in which “Al has no physical presence, but a distinguished
identity” (e.g., chatbot, avatar), and embedded Al refers to those “without a visual
representation or a distinguished identity” (e.g., plain algorithm; Glikson & Woolley,
2020, p. 637, 639). Their review findings indicated that antecedents may have
different effects on trust across three types of Al. For example, the low reliability of
Al harms trust, and such a decrease may be more salient for embedded Al than
robotic ones.

As mentioned in the previous section, one potential factor that may affect the
effect sizes is how trust is measured. Trust measurement can be categorized
specifically to four categories — trust beliefs, attitudes, intentions, and behaviors.
Another categorization is simply based on its objectiveness — whether the measure is

subjective, such as self-rated scales, or objective, such as behavior and physiological
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signals.

In addition to moderators with theoretical meaning, study artifacts, such as
“the particulars of its participants, methods, treatments, context, and the like” (Lipsey,
2019) may also play a role in affecting the relationships found in empirical studies.
Samples of study artifacts include study design (e.g., correlational, experimental) and
study setting (e.g., offline, online).
Discussion

From the narrative review, I develop a nomological framework of trust in Al,
outlining the antecedents and consequences that have been investigated by prior
research efforts. Our review findings also echoed prior researchers’ statements
regarding the lack of consensus in conceptualizing and operationalizing trust in Al I
argue that reviewing research without considering such differences may be harmful
by covering up the potential differential effects on the theoretical relationships. For
example, Lee and See (2004) posited that studying trust in technology as intentions or
behaviors may potentially confuse it with other factors (e.g., workload, self-
confidence) in translating beliefs and attitudes into behaviors.

Given this, I attempt to address two research questions in the meta-analysis:
(1) What are the average effect sizes of the empirical relationships in the nomological
network? (2) What are some potential moderators that affect the effect size found in
empirical studies? (3) Which part of the nomological network lacks empirical
investigation?

Meta-Analytic Review

Review Methodology
Literature Search and Eligibility Criteria

I further screened the articles included in the narrative review for the meta-
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analysis based on the following criteria (see also Figure 1). First, I excluded articles
that were not empirical, such as conceptual papers, reviews, and editorials (n = 30),
and a meta-analysis (n = 1). Second, I excluded articles that did not empirically
investigate trust in Al as one of the independent or dependent variables (n = 32).
Then, one article with duplicate data is excluded (n = 1). Finally, we only excluded
articles that did not report sample size and/or effect sizes that could be converted into
Pearson’s correlation coefficient (n = 67). As a result, the selection criteria led to the
inclusion of 104 articles, including 120 independent studies with 592 effect sizes. The
included articles are listed in Appendix 2.
Coding Procedure

I worked with one coauthor in coding the included articles. First, we coded
basic information from each article, such as sample size (N), study number (e.g., 2 for
Study 2), names of independent and dependent variables, reliabilities of variables (if
measured in scales), and effect sizes (e.g., Pearson’s 7). When Pearson’s » was not
reported, we coded and transformed other available statistics (e.g., ¢, F, 5, p values) to
make the necessary data transformation, as described in the next section. Second, we
coded potential moderators of the relationships between trust in Al and other
variables, including Al embodiment (robot, virtual, embedded), trust measurement
(subjective vs objective; belief vs attitude vs intention vs behavior), study design
(correlational vs experimental), and study setting (online vs offline). Third, we coded
any sample characteristics provided in the articles, such as sample source, distribution
of gender, age, ethnicity, and education among participants.

To ensure the reliability of the coding, both authors first coded 30% of the
articles independently, and the inter-rater reliability indicated a sufficient level of

agreement (average Cohen’s kappa = .88). The authors then met to discuss the
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rationale for their own coding and resolved coding discrepancies. After the authors
agreed upon the best coding, the rest of the articles were split between them and
coded individually.

In addition to the above coding information, I categorized each variable into
corresponding categories (Al, human, task, context) and factors (e.g., transparency,
Al-related experience, task complexity, social influence) in Table 2. The trend of
included papers published per year is presented in Figure 3.

Analytic Strategy

I applied Hunter and Schmidt’s (2004) approach for random-effects meta-
analysis. Random effects models assume variability of true effect sizes across
samples, and Hunter and Schmidt’s approach attempts to minimize the variability that
is caused by methodological and statistical artifacts, such as sampling error,
measurement error, and range restriction (Aguinis et al., 2011). This approach has
been widely adopted by management research over the years (e.g., Judge et al., 2002;
Kim et al., 2025; Lyubykh et al., 2022; Wang et al., 2014).

This meta-analysis utilizes Pearson’s 7 as the effect size index. For each meta-
analytic relationship (i.e., between trust in Al and a certain antecedent or
consequence), I calculated the total number of studies (k), total sample size (V), mean
correlation (7), mean correlation corrected for sampling error and measurement error
(p), and standard deviations of » and p (SD,, SD,) in R using the psychmeta and
metafor packages (Dahlke & Wiernik, 2019; Viechtbauer, 2010).

For those studies that did not report Pearson’s r, I coded other effect sizes
reported by the article (e.g., ¢, F, 5, p values) or statistics that enabled me to calculate
effect sizes (e.g., mean and standard deviations in each experimental condition, used

for calculating Cohen’s d), whichever available. Then, I transformed these effect sizes
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into Pearson’s r using the formulae provided by Rosenthal and DiMatteo (2001). As
indicated in Figure 1, sixty-seven articles were excluded from our final analysis
because the transformation was inapplicable based on existing formulae.

I corrected measurement error using Cronbach’s alpha coefficient reported by
each study. When studies did not report reliability because the variables were 1)
experimentally manipulated, 2) behavioral measures, or 3) measured with a single-
item measure, I imputed the value of 1.00 for the variables’ reliability. When the
variables were measured in multi-item scales without Cronbach’s alpha being
reported in the articles, I imputed the average available reliability estimates from
other included studies® (for a similar approach of imputing mean reliabilities, see
Judge et al., 2002, Lyubykh et al., 2022, Zhong et al., 2024, and Zhong et al., 2025).

In addition, I computed several indices to examine the accuracy of and the
variability around the corrected mean correlation (p). Confidence interval (CI) reflects
the accuracy of the estimate of p, or “the likely amount of error in our estimate of p
due to sampling error” (Hunter & Schmidt, 2004, p.205). A 95% CI excluding zero
indicates statistical significance of estimated p at the 5% significance level.

On the other hand, credibility intervals (CV) reflect the distribution of p across
different samples — a CV excluding zero indicates generalizability of the effect across
all samples (Hunter & Schmidt, 2004). CV also indicate between-study heterogeneity,
as wider CVs indicate the presence of moderators. Nevertheless, there lacks a
consensus in the constitution of width (Geyskens et al., 2009; Lyubykh et al., 2022),

thus I also computed /2 index (i.e., the percentage of variation in effect sizes due to

3 Reliability imputation was conducted within each category of trust measurement (imputed alpha =
0.88 for trust beliefs and attitudes, 0.90 for trust intentions). Sensitivity analysis showed no substantial
differences for mean corrected effect sizes before and after reliability imputations, except for
interaction quality, emotion, and propensity to trust. Detailed sensitivity analysis for reliability
imputation is presented in Appendix 3.
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true heterogeneity), %Var (i.e., the percentage of variance from artifacts), and the Q-
statistic for each estimated p (Higgins & Thompson, 2002). The I values of 75, 50,
and 25 indicate high, medium, and low heterogeneity, respectively. A %Var lower
than 75% or a significant Q suggest the presence of moderators.

Finally, to assess the potential moderation effects of the multi-categorical
variables (i.e., Al embodiment, trust measurement, study design, and study setting), I
follow best practices guidelines (Aguinis et al., 2011; Kim et al., 2024, 2025) to
conduct both subgroup comparisons and meta-regression analyses (Lipsey & Wilson,
2001), only when there was a minimum of three effect sizes in each subgroup
(Hoffman et al., 2007; Lyubykh et al., 2022). A primary heuristic for detecting
moderation effects is through comparing the confidence intervals of p in each
subgroup (Kim et al., 2024, 2025). Then, meta-regression analyses regress the
moderators on the estimated mean effect sizes in a random-effect model to assess the
statistical significance of the moderator.

Review Findings
Main Effects

The average effect sizes calculated for each antecedent or consequence of trust
in Al were displayed in Table 3.1-3.2, Figure 5 and 6.

Al-Related Factors*. Among Al-related factors, information quality (i.e.,
quality of the information that Al produces) appeared to be the most correlated factor
to trust in Al (p = .37, SD,= .25, 95% CI [.26, .48], 80% CV [.04, .70]), followed by
anthropomorphism (i.e., perception of Al as having human qualities; p = .32, SD,

=.25,95% CI [.22, .42], 80% CV [.00, .64)), interaction quality (i.e., quality of

4 BExcluding the outliers reduces the effect size of anthropomorphism to 0.28 (Youn & Jin, 2021),
transparency to 0.25 (Tuncer & Ramirez, 2022). See Appendix 4 for more information.
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interacting with Al; p = .31, SD,= .31, 95% CI [.10, .53], 80% CV [-.11, .74]),
transparency (i.e., apparency of AI’s underlying rules and logic; p = .26, SD,= .20,
95% CI [.21, .31], 80% CV [.01, .51]) and performance (i.e., AI’s competency to
perform the assigned task; p = .24, SD,= .25, 95% CI [.18, .30], 80% CV [-.09, .56]).
These results suggest that improvement in Al quality, appearance and transparency
are all associated with enhanced trust in Al

Human-Related Factors®. Among individual differences, attitude towards
technology is significantly more effective in cultivating trust in Al (p = .65, SD,= .33,
95% CI [.37,.93], 80% CV [.18, 1.11], as its confidence interval did not overlap with
most of other factors. People also displayed higher trust in AI when they hold more
favorable attitudes towards Al (p = .25, SD,= .24, 95% CI [.13, .36], 80% CV
[-.07, .56]), have higher propensity to trust (p = .25, SD,= .24, 95% CI [.09, .41], 80%
CV [-.09, .58]), have more experience related to Al (p = .20, SD,= .26, 95% CI
[.09, .31], 80% CV [-.14, .54]), technology (p = .09, SD,= .00, 95% CI [.06, .15]), or
the task (p = .08, SD,= .09, 95% CI [.00, .16], 80% CV [-.05, .21]), as well as when
they are more agreeable (p = .10, SD,= .00, 95% CI [.06, .15]) and emotionally stable
(p=.11,8D,= .00, 95% CI [.06, .17]). The corrected average effect sizes of ability to
understand (p = .51, SD, = .25), emotion (p = .34, SD,= .41), extraversion (p = .11 ,
SD,=.07), openness to experience (p = .04, SD,= .23), gender (p = .04, SD,=.08),
and education (p = .01, SD,=.12) were positive yet not statistically significant (i.e.,
Cl includes zero). On the other hand, age (p =-.01, SD,=.10) and conscientiousness
(p =-.05, SD,=.11) were negatively associated with trust in Al, though the

correlations were not significant.

5 Excluding the outliers reduces the effect size of emotion to 0.07 (Chi et al., 2023), gender to 0.01
(Lacroux & Martin-Lacroux, 2022), age to -0.05 (Oksanen et al., 2020); and increases the effect size of
education to 0.03 (Xiang et al., 2022). See Appendix 4 for more information.
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Task-Related Factors. Among task-related factors, only the identity of fask
performer (i.e., whether Al or human performs the task to be trusted) was found
significantly correlated with trust in Al (p = .28, SD,= .28, 95% CI [.18, .39], 80%
CV [-.09, .65]). The effect size of human-AI similarity is positive yet not significant
(p = .46, SD,=.49). Additionally, task complexity (p = .04, SD,=.02), risk (p = .03,
SD,=.20)%, and uncertainty (p = .00, SD,=.00) had slightly positive or even no
correlation to trust in Al

Context-Related Factors. Social influence was found to be critical in
cultivating trust in Al (p = .57, SD,= .10, 95% CI [.49, .65], 80% CV [.44, .71])". Its
effect size is significantly larger than all other antecedents, except attitude toward
technology and interaction quality. Other context-related factors are not discussed
here due to insufficient number of included studies (k < 3).

Trustworthiness. Among the three dimensions of trustworthiness, perceived
ability has the largest correlation with trust in Al (p =.70, SD,= .10, 95% CI
[.61,.79], 80% CV [.56, .85]), followed by perceived benevolence (p = .27, SD,= .09,
95% CI [.13, .41], 80% CV [.14, .40]) and integrity (p = .20, SD,= .21, 95% CI
[.06, .34], 80% CV [-.08, .49]).

Consequences of Trust in Al. For most of the consequences identified in the
narrative review, only one or two effect sizes (k < 3) were found in the meta-analysis.
One important finding to note is that trust in AI was negatively correlated to
performance (p = - .38, SD,= .06, 95% CI [-.50, -.26], 80% CV [-.48, -.28]). This will

be further discussed in the Discussion section.

¢ Excluding the outliers (Juravle et al., 2020) reduces the effect size of risk to 0.02. See Appendix 4 for
more information.
" Excluding the outlier (Carbone, 2020) reduces the effect size of social influence to 0.55. See
Appendix 4 for more information.
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Moderating Effects

As mentioned in the Analytic Strategy section, for each meta-analyzed
relationship, I investigate potential moderating effects only when the I value, %Var,
and significance of Q-statistic suggest the presence of moderators that explain the
variance in effect sizes across studies. Specifically, I explored whether the variability
in the overall effect sizes exists across different categories of four moderators: trust
measurement (belief, attitude, intention, behavior), Al embodiment (robotic, virtual,
embedded), study design (correlational vs. experimental), and study setting (online vs.
offline).

Following best practices recommendations (Kim et al., 2025; Aguinis et al.,
2011; Steel et al., 2021), I conducted both subgroup analyses and meta-regression to
examine the effects of categorical moderators. Subgroup analysis involved comparing
the corrected mean effect sizes (p) across moderator conditions. In line with
established decision rules (Kim et al., 2025; Hamann et al., 2023), I evaluated
between-group differences based on (1) whether the 95% Cls around p across groups
overlapped, and (2) whether the p estimate of one condition fell outside the CI of
other conditions. These heuristics provide descriptive insights into potential
differences across moderator levels. To ensure the robustness of findings, I conduct
random-effects meta-regression analyses using the metafor package when each
subgroup contained at least three effect sizes (Lipsey & Wilson, 2001). Key results
from subgroup and meta-regression analyses are shown in Table 4.1-4.4 and Figure 7.

Moderating Effect of Trust Measurement. Meta-regression analyses did not
show significant moderating effects of trust measurement at the 95% confidence level.
Nevertheless, as shown in Table 4.1, there are meaningful differences in CIs of

performance, age, gender, conscientiousness, and task performer (Al vs. human)
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under different types of trust measurements.

Al performance was significantly more positively related to trust in Al
measured as attitude (p = .28, SD,= .30, 95% CI [.19, .38]) than as behavior (p = .14,
SD,=.08, 95% CI [.08, .19]). Although the CI of intention (p = .23, SD,= .21, 95%
CI [.04, .41]) overlapped with the other two, its p estimate fell outside the CI of
behavior.

Older (vs. younger) people displayed less trust in Al measured as attitude (p =
-.06, SD,= .08, 95% CI [-.11, .00]), but more trust when measured as behavior (p
=.13, SD,= .06, 95% CI [.03, .24]). In a different pattern, females (vs. male) and
people with higher (vs. low) conscientiousness showed more trust attitude towards Al
(gender: p =.09, SD,= .09, 95% CI [.01, .17]; conscientiousness: p = .04, SD,= .05,
95% CI [-.08, .15]), while less trust behaviors (gender: p =-.03, SD,= .00, 95% CI
[-.09, .02]; conscientiousness: p = -.12, SD,= .21, 95% CI [.04, .41]). Though their
ClIs overlapped, their p estimates fell out of each other’s CI.

The effect of task performer (Al vs. human) is significantly larger with
behavioral measures of trust (p = .47, SD,= .25, 95% CI [.30, .65]) than with
attitudinal ones (p = .07, SD,= .14, 95% CI [-.02, .16]). Although the CI of intention
(p=.07,SD,=.24, 95% CI [-2.10, 2.24]) overlapped with the other two, its p
estimate fell outside the CI of behavior measure of trust.

Moderating Effect of Al Embodiment. The effect size of attitude towards Al
was significantly larger for robotic Al (p = .77, SD, = .18, 95% CI [.30, 1.23]) than
for embedded Al (p = .12, SD, = .13, 95% CI [.01, .24]). The p estimate for virtual Al
(p=.28, SD, =.26, 95% CI [.06, .50]) was not included in the CI for both robotic and
embedded Al In addition, meta-regression analysis showed significant between-

group differences (F = 13.09, p <.001).
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Similarly, the effect of Al-related experience was more positive for virtual Al
(p =.39,SD,=.29, 95% CI [.09, .70]) than for embedded ones (p = .09, SD,= .18,
95% CI [-.01, .19]; F =9.06, p < .01), despite the two CIs overlapped. Older (vs.
younger) people placed more trust in virtual Al (p = .15, SD,= .12, 95% CI
[-.17, .47]) and less trust in embedded Al (p = -.06, SD,= .05, 95% CI [-.11, -.01]; F
=6.14, p <.05).

Moderating Effect of Study Design. The effect sizes of Al performance
significantly varied in different study designs — larger in correlational studies (p
=.36, SD,= .32, 95% CI [.25, .47]) than in experimental studies (p = .15, SD,= .13,
95% CI [.09, .20]). The effects of interaction quality, transparency, and Al-related
experience were also more positive in correlational (interaction quality: p = .42, SD,
=.32,95% CI [.08, .77]; transparency: p = .47, SD,= .27, 95% CI [.12, .81]; Al-
related experience: p = .47, SD,= .24, 95% CI [.16, .77]) than experimental studies
(interaction quality: p = .09, SD,= .10, 95% CI [-.08, .26], F = 5.63, p < .05;
transparency: p = .25, SD,=.19, 95% CI [.20, .30]; Al-related experience: p = .25
SD,= .19, 95% CI [.20, .30], F = 17.97, p <.001), although the two CIs overlapped.

For task risk, however, the effect was slightly negative in correlational studies
(p=-.03,SD,=.37,95% CI [-.34, .29]) while slightly positive in experimental
studies (p = .04, SD,= .15, 95% CI [-.08, .16], FF = 4.76, p < .05).

Moderating effect of study setting. Last but not least, the effect sizes of Al
performance, information quality, and task risk varied in online and offline settings.
Task risk had a significantly more positive correlation with trust in Al in offline (p
=.59, SD,= .10, 95% CI [.24, .93]) than online settings (p = .02, SD,= .18, 95% CI
[-.09, .13]; F=8.03, p <.05). The effect of information quality and Al performance

were also more positive in offline (info quality: p = .64, SD,= .10, 95% CI [.43, .84];
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performance: p = .40, SD,=.19, 95% CI [.20, .60]) than online settings (info quality:
p=.34,SD,=.25,95% CI [.21, .47]; performance: p = .21, SD,= .25, 95% CI
[.14, .28]). Despite that the CIs of the two groups overlapped, the p estimate of offline
studies was not included in the CIs of online studies.
Supplementary Analysis

The arguments of the Theory of Planned Behavior (Ajzen, 1991) depicts how
individual behaviors are developed: beliefs form the basis of attitudes (i.e., the degree
to which a person has a favorable or unfavorable evaluation or appraisal of the
behavior; p. 188), attitudes serve as one of the predicting factors of behavioral
intentions, which in turn expressed in actual behaviors when the situation permits.
This theoretical perspective suggests the possibility that trustworthiness belief, trust
attitude, trust intention, and trust behavior can be categorized as distinct stages in this
development process. Some included studies measured them as different constructs
and reported effect sizes for their correlations. Wherever data permitted, I calculated
the average effect size of the relationships between these stages. Consistent with the
Theory of Planned Behavior, these four factors were positively associated with each
other. All three dimensions of trustworthiness were positively associated with trust
attitudes (ability: p = .70, SD,= .10, 95% CI [.61, .79], 80% CV [.56, .85];
benevolence: p = .27, SD,= .09, 95% CI [.13, .41], 80% CV [.14, .40]; integrity: p
=.20,8D,= .21, 95% CI [.06, .34], 80% CV [-.08, .49]). There were also significant
and positive correlations between trust attitude and trust intention (p = .40, SD,= .43,
95% CI [.16, .63], 80% CV [-.19, .98]) and between trust attitude and trust behavior
(p =.26,SD,=.25,95% CI [.04, .48], 80% CV [-.09, .61]).
Robustness Check

To ensure the robustness of our results, I perform several analyses to assess
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potential publication bias: (a) examination of the funnel plot, (b) Egger’s test of
asymmetry, (c¢) trim and fill analysis, and (d) Rosenthal’s fail-safe N . First, the effect
sizes of included studies were plotted against their standard errors in a funnel plot (see
Figure 4). Results of Egger’s test indicate that the funnel plot displayed a symmetrical
shape (z=- .17, p = .086). Trim-and-fill analyses (Duval & Tweedie, 2000) also
indicate that no missing studies are needed to make the funnel plot symmetrical
(estimated number of missing studies = 0, SE = 12.89). Furthermore, I followed
Hunter and Schmidt (2004) to compute fail-safe N using the Rosenthal approach,
finding that 1,374,366 (p < .0001) unpublished studies with null effect sizes will be
needed in order to make our estimated effect size non-significant. These results all
suggest that this meta-analysis is unlikely to be susceptible to potential publication
bias (also see Appendix 3).

I also examined whether outliers affected the meta-analytic results by
obtaining influence diagnostics — externally studentized residuals (rstudent) and
Cook’s distance (Viechtbauer & Cheung, 2010) for each study in each meta-analyzed
relationship. The rstudent values indicate how much a study’s effect size deviates
from the estimated p, while Cook’s distance provides an overall measure of the
study’s influence on the estimate. Larger Cook’s distance values (commonly > .50)
suggest that omitting the study would substantially affect the estimate. These analyses
resulted in the detection of seven outliers, one each for anthropomorphism,
transparency, emotion, age, education, task risk, and social influence. A summary of
the identified outliers, the relationships they influenced, their rstudent values, Cook’s

distances, and the associated changes in effect sizes is presented in Appendix 4.

8 In this section, only test results for the overall dataset are reported. Detailed test results for each meta-
analyzed relationship are presented in Appendix 3.
28



Discussion

In this meta-analysis, I provided a quantitative summary of the empirical
relationships between trust in Al and its antecedents and consequences. Most of the
antecedents related to Al (trustee), human (trustor), task (trust object), and context
were found to have a positive correlation with trust in Al Particularly, attitude toward
technology (p = .65), social influence (p = .57), Al information quality (p = .37), and
task performer (Al vs. human, p = .28) were the most influential factors within each
of the antecedent categories (i.e., human, context, Al, and task-related).

In addition, I identified four theoretical and methodological moderators that
have the potential to influence the direction and/or magnitude of the relationships
between trust in Al and its antecedents. Results from subgroup analyses and meta-
regression suggest that antecedents may influence trust in Al to a different extent
depending on the embodiment of Al, the way of measuring trust in Al, and study
design and settings. The moderating effect of Al embodiment corresponds with the
latest research findings that physical embodiment of Al (e.g., tangible robots vs.
intangible algorithms) can help to increase Al appreciation (Qin et al., 2025; Glikson
& Woolley, 2020). We also probed larger effect sizes for Al performance, gender, and
conscientiousness when trust in Al on trust attitudes than on trust behaviors, but an
opposite pattern for age and task performer. Such findings indicate potential
inconsistencies in people’s attitudes and actual behaviors when trusting Al and
suggest future studies to choose and clarify their operationalizations of trust in Al

Compared with the large number of studies exploring antecedents of trust in
Al very few studies in our review focused on its subsequent consequences. Studies
from two included articles revealed a surprising negative correlation between trust in

Al and task performance. Specifically, Bucinca et al. (2021) found that in an Al-
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assisted task of designing nutrition meals, participants who trusted Al more showed
higher reliance on incorrect model predictions and had worse task performance. In a
similar classification task, Leichtmann and colleagues (2023) revealed that
participants with higher trust in Al were significantly more likely to perform wrong
classifications. Both studies, conducted in the human-AlI collaboration context,
suggest a concern of overtrust in Al, particularly when Al provides less accurate
suggestions. However, such negative correlation should be interpreted with caution
considering research context and design. A recent meta-analysis on human-Al
collaboration effectiveness suggests that human-Al synergy depends on a series of
factors, such as the type of task (e.g., finite decision-making, creation tasks), type of
Al (e.g., deep, shallow), as well as the relative performance of the human and Al
alone (Vaccaro et al., 2024).
General Discussion

In Essay 1, I conducted a narrative review of 236 articles and developed a
nomological network for trust in Al for a better understanding of the current research
landscape. I then conducted a meta-analytic review of 104 articles, providing a
quantitative summary of the empirical relationships identified in the nomological
network.
Theoretical Implications

Essay 1 contributes to the literature on trust in Al in several aspects. First, it
provides a comprehensive synthesis of the research landscape by integrating both
narrative and meta-analytic approaches. The narrative review delineates how research
on trust in Al builds upon traditional trust theories (e.g., interpersonal trust) and
systematically compares the conceptualizations and operationalizations of trust across

human, technological, and Al contexts. In doing so, it consolidates diverse definitions
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and measurements, echo prior observations regarding the lack of consensus in the
field (McKnight et al., 2002; Rousseau et al., 1998). By empirically testing whether
these inconsistencies influence reported effect sizes, the study shows that different
operationalizations of trust in Al may partially account for the observed effects of
some antecedents, such as Al performance, age, gender, and performer of the task.
Second, this essay contributes a nomological framework that maps out the
antecedents and outcomes of trust in Al identified in prior studies. This framework
extends earlier categorizations (e.g., Glikson & Woolley, 2020; Kaplan et al., 2023; Li
et al., 2024) by offering a more comprehensive and systematically categorized list of
antecedents. It also highlights a number of theoretically important yet empirically
understudied factors, particularly those related to organizational and social contexts.
By surfacing these gaps, the framework provides a clear and actionable research
agenda for organizational scholars seeking to advance the study of trust in AL

Third, this essay applies the Hunter and Schmidt (2004) random-effects model
to generate more accurate estimates of effect sizes by correcting for both sampling
and measurement error. This approach enhances the reliability of the meta-analytic
findings, particularly in light of the wide adoption of self-reported trust measures that
are susceptible to measurement errors. The meta-analytic findings not only provide a
quantitative summary of the nomological network of trust in Al but also offer
cumulative evidence that can serve as a foundation for future research.

Finally, the model enables the examination of theoretical and methodological
moderators that have been largely overlooked in prior reviews (e.g., Kaplan et al.,
2023). Through subgroup analyses and meta-regressions, the findings identify key
contingencies that moderate the effects of antecedents on trust in AI. Notably, Al

embodiment emerged as a significant moderator, which is consistent with Glikson and
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Woolley’s (2020) theorization. Additionally, the analyses revealed the potential
moderating roles of trust measurement, study design and study setting, each pointing
to valuable directions for future research inquiry.

Practical Implications

First, this essay presents a comprehensive map of the key antecedents and
outcomes associated with trust in Al and offers a quantitative summary of effect sizes
identified in prior empirical studies. Together, these findings provide actionable
insights for Al designers, developers, and policymakers by highlighting which factors
— such as information quality, social influence, and users’ attitude toward technology
— are potentially more influential in fostering trust in Al, and therefore warrant
prioritization in Al design and implementation.

Second, the identification of key moderators underscores the critical role of
context in shaping user trust. For instance, certain antecedents may exert stronger
effects for robotic Al rather than embedded, intangible algorithms. When
organizations adopt and implement Al tools and systems, it is thus essential to align
such implementation with the AI’s form of embodiment, intended function, and target
user group. Organizations should also be cautious when generalizing trust in Al
findings from one research setting (e.g., lab-based studies) to another (e.g., field
studies).

Finally, in the organizational context specifically, the findings emphasize the
importance of attending to employee attitudes, personalities, and prior experiences
when introducing Al technologies. Organizations should invest in structured training
programs to enhance employees’ technological literacy and proactively foster positive
attitudes toward technologies in advance of Al implementation.

Limitations
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The narrative review and meta-analysis have several methodological
limitations. First, the review scope is constrained by the time of data collection and
sources that are utilized, as we did not include unpublished papers, papers in other
languages, and papers published after April 2023. We acknowledge the importance of
comprehensiveness and timeliness of review and conduct supplementary analyses to
address concerns wherever possible. First, tests of funnel plot and Rosenthal’s fail-
safe N did not indicate potential publication bias. Next, following prior research (e.g.,
Qin et al., 2025), we conduct meta-regression analysis with publication year as the
moderator to find that most of the mean effect sizes did not significantly vary across
their time of publication (see Appendix 5). Given these results, we did not attempt to
call for unpublished studies and gray literature that did not undergo the peer-review
process, as including them may introduce additional concerns to the reliability of
findings (Bi et al., 2025; Ferguson & Brannick, 2012).

Additionally, our inclusion of purely English-language articles may have
introduced language bias and geographical limitations (Bi et al., 2025). Although the
included studies had a diverse set of samples from non-English speaking countries,
such as China, Japan, South Korea, and Germany, we remind researchers of the
potential differences in psychological patterns towards Al from people in different
cultures (e.g., Yam et al, 2023), and even differences in cultural tendencies of Al
models themselves (e.g., Lu et al., 2025).

Another methodological limitation stems from the availability of reported
sample sizes and effect sizes. For this reason, we are not able to test the contingencies
of some antecedents, as the & of their effect sizes are too small to be included in
subgroup analyses and meta-regressions. We therefore remind researchers to interpret

estimates based on small number of samples with caution.
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Second, the timeframe of our literature search constrained our ability to
discuss the most recent technological advancements in Al technologies, as our data
collection concluded prior to the rapid emergence of generative Al technologies
(GenAl, e.g., ChatGPT) in academic research. Recent research has recognized the
distinctions of GenAl from traditional Al technologies, noting that GenAl not only
processes more complex inputs but also produces new text or visual outputs and
performs creative tasks (B. C. Lee & Chung, 2024). These capabilities go beyond
self-learning and performance optimization traditionally associated with Al. Future
research should explore whether users exhibit different reactions to GenAl
technologies (Dasborough, 2023) or rely on different factors to form their evaluation
of Al trustworthiness and develop trust in such technologies.

Third, the categorization of different types of trust measures was empirically
challenging, as some studies incorporated multiple types of trust measures in a single
scale. For example, a scale may capture trust beliefs (“... seems to be a very reliable
artificial agent”), while capturing trust intentions (“if I were to work with ..., I can
trust”) at the same time. In future research, a more fine-grained approach to
categorizing trust measurements is needed to more accurately investigate the effect of
measurements on effect sizes obtained from empirical studies.

Fourth, although this Essay primarily adopts Mayer et al.’s (1995)
conceptualization of trust and ABI framework of trustworthiness, there have been
other approaches to theorizing trust. Particularly, Lewicki & Bunker (1996) took a
transformational approach to studying trust. They emphasized the dynamic nature of
trust beyond one-time transactional exchanges and proposed a three-stage process,
where trust evolves from calculus-based trust to knowledge-based, and identification-

based trust. Several empirical studies suggest that the strength of predictors on trust in
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Al may vary across time or different stages of trust development (Alam & Mueller,
2021; Glikson & Woolley, 2020). Future research would benefit from taking the time
or process element into consideration in theoretical models as well as research designs
(for a longitudinal meta-analysis, see Bi et al., 2025).

Future Research Directions

A closer examination of the nomological network and the meta-analysis
results (Figure 6) revealed several theoretical relationships that remain underexplored
empirically.

Among the antecedents of trust in Al tangibility has largely served as a
research context rather than being studied directly alongside other antecedents such as
transparency and performance, despite its theorized importance in Glikson and
Woolley’s (2020) review. This might be due to the practical difficulty of manipulating
tangibility, as the embodiment of Al technologies or products is typically determined
early in the development process. Although this essay was able to code Al
embodiment as a moderator and assess its effect, future research is encouraged to
explore the theoretical mechanisms explaining why people trust different forms of Al
to varying degrees.

Our findings also showed individual differences in forming trust in Al
Specifically, characteristics such as age and conscientiousness were found to be
negatively associated with trust in Al. This offers valuable opportunities for
organizational researchers to investigate why certain employees are less inclined to
develop trust in Al. For instance, Tang et al. (2022) argue that conscientious
employees experienced a complementarity mismatch from Al usage, when AI’s
capability to autonomize decision-making overlaps with their preference for structure,

order, and organization. Similarly, future research exploring the mechanism through
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which older employees develop trust would be especially beneficial in the context of
an increasingly aging workforce.

Research on task-related antecedents has primarily emphasized the roles of
task performer (human vs. Al) and task risk, while devoting relatively less attention to
other important task characteristics, such as uncertainty and complexity. Future
studies should gather empirical evidence on these underexplored characteristics and
identify additional task features that may shape trust in Al For instance, Qin and
colleagues (2025) propose a capability-personalization framework that categorizes
tasks based on two dimensions — whether Al outperforms humans and whether
personalization is necessary in the decision context. Similarly, Li and Bitterly (2024)
suggest that the level of empathy required by a task may serve as a boundary
condition for trust in Al

Additionally, few studies included in this review have systematically
examined the organizational, social, and even physical contexts in which trust in Al is
formed. This presents a promising avenue for organizational researchers to explore
how trust develops within workplace settings shaped by coworkers, teams,
organizational practices and cultures, and broader social dynamics. For example,
Erengin et al. (2024) found that an employee’s trust in an Al teammate was
significantly influenced by a trustworthy human teammate’s trust perceptions. Other
studies have revealed both benefits (e.g., inflated performance ratings; He et al., 2024)
and concerns (e.g., diminished perceptions of competence and motivation; Reif et al.,
2025) associated with Al usage from coworkers and supervisors. Whether and how
such beliefs and social evaluations shape employees’ trust trajectories warrants further
empirical investigation.

Moreover, the meta-analytic findings identified AI embodiment as a critical
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contingency for developers and Al-adopting organizations to consider. Beyond this,
we encourage future research to examine the interplay between trustee, trustor, trust
object and contextual factors. A more intergrated approach that considers how these
elements interact will provide a deeper understanding of the mechanisms underlying
trust in Al

Finally, the workplace outcomes associated with trust in Al are of critical
interest to organizations and managers, yet with limited empirical investigations.
Kong and colleagues (2023) found that trust in Al was positively related to task
performance, creative performance, and employee satisfaction with both life and
career. However, Al adoption in the workplace is not always voluntary or initiated by
employees. In contexts where Al implementation is mandated, it remains an open
question whether employees who trust Al necessarily achieve better performance and
experience greater well-being. Future research should investigate whether the effect

of trust in Al persist under conditions of low control over Al use.
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Table 1. Conceptualizations and operationalizations of trust in humans and AI

Tables and Figures

Trust in Humans

Trust in Al

Propensity to Conceptualization
trust Operationalization

Trustworthiness Conceptualization
beliefs

Operationalization
Trust Conceptualization
(as beliefs &
expectations)

Operationalization
Trust Conceptualization

(as attitude)

A generalized expectation about the trustworthiness of others; a stable within-party factor (Mayer et al., 1995)

One should be very cautious with strangers (reversed)

Most people can be counted on to do what they say they will do
These days, you must be alert or someone is likely to take advantage of you (reversed)

Evaluations of whether the trustee can be trusted based on the trustee’s characteristics and actions (e.g., ability,
benevolence, integrity; Mayer et al., 1995)

The extent to which a person is confident in, and willing
to act on the basis of, the words, actions and decisions, of

Ability: group of skills, competencies, and characteristics that enable a party to have influence within some

specific domain

Benevolence: the extent to which a trustee is believed to want to do good to the trustor, aside from an egocentric

profit motive

Integrity: perception that the trustee adheres to a set of principles that the trustor finds acceptable

Ability: X is very capable of performing its job
Benevolence: X is very concerned about my welfare
Integrity: X tries hard to be fair in dealings with

others

An expectancy held by an individual or a group that
the word, promise, verbal or written statement of
another individual or group can be relied upon

(Rotter, 1967: 651)

Confident positive expectations regarding another’s
conduct in a context of risk (Lewicki et al., 1998)

A subjective, aggregated, and confident set of beliefs
about the other party and one’s relationship with

her/him (Dietz & Den Hartog, 2006)
I believe that X will keep its promises

I expect X to be honest in our interactions

another (McAllister, 1995)

Ability: The Al is very capable and proficient in ...
Benevolence: The Al will ... in my best benefits
Integrity: The Al is truthful in its dealing with me

The belief that the other side of the relationship, i.e.,
technology will work in a functional, helpful and
reliable way, providing positive results (McKnight et
al., 2011)

Belief that a vendor’s services and/or reported
results are reliable and trustworthy, and that the
vendor will fulfill obligations in an exchange
relationship with the user (Shin & Park, 2019; Shin,
2021)

I am confident in the system

The system is truthful in its dealings with me

The attitude that an agent will help achieve an
individual’s goals in a situation characterized by
uncertainty and vulnerability (Lee & See, 2004: 51)
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Trust in Humans Trust in Al

Operationalization
Trust Conceptualization
(as intention)

Operationalization
Trust Conceptualization
(as behavior)

Operationalization

Affect-based Overall attitude
*  We have a sharing relationship. We can both freely +  To what extent do you trust this AI?
share our ideas, feelings, and hopes . I trust the recommendations by Al
Cognition-based »  This Al can be trusted/relied on/entrusted with work
«  This person approaches his/her job with Cognitive vs. affective (McAllister, 1995; Komiak &
professionalism and dedication Benbasat, 2006)
»  Given this person’s track record, I see no reason to » I feel secure/comfortable/content about relying on
doubt his/her competence and preparation for the job the Al system to ...
» Al approaches the task with professionalism and
dedication

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: 712)

One’s willingness to depend on another party based on its perceived characteristics (Rousseau et al., 1998)

One believes in, and is willing to depend on, another party (McKnight et al., 1998: 474)

I would be willing to let X have complete control +  Would you follow X’s recommendation?

over my ... +  Probability (0-100%) to adopt X’s recommendation?
I would be comfortable giving X a task or problem +  ITam willing to use the Al to help me

which was critical to me, even if I could not monitor choose/decide/recommend ...

their actions . I will try/ plan to/ intend to use X in the future

If I had my way, I wouldn’t let X have any influence
over issues that are important to me (reversed)

Trust informed risk-taking behaviors (Mayer et al., 1995; Dietz & Den Hartog, 2006)

Reliance-related

Disclosure-related

Reliance on suggestions/decisions (e.g., number of times, percentage, frequency)
Monitoring

Disclosure of sensitive information

Amount of money invested in a partner in a trust game

Notes. Operationalization section only presents sample items; X refers to the trustee.
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Table 2. Antecedents of trust in Al, definitions, sample variables, and sources

Antecedent Definition Sample variables Source

Al-related

Performance AI’s competency to perform the assigned task for achieving Accuracy, system quality, perceived usefulness, performance UTAUT, ISSM
individual’s goals efficacy

Design characteristics

Tangibility The capability of Al to be perceived or touched Tangibility G&W(2020)

Anthropomorphism Individual’s perception of Al as having human qualities, such as Anthropomorphism, voice humanness, social presence G&W(2020)
feelings

Interaction characteristics

Transparency The extent to which the underlying operating rules and inner logics Transparency, explanation (type), provision of heuristics, G&W(2020)
of Al are apparent interpretability

Information quality The quality of the information that the Al produces Information quality, information richness, personalization, ISSM

preciseness
Interaction quality The quality of interacting with the Al Interaction quality, immediacy, social interactivity ISSM,
G&W(2020)

Human-related

Experience/ expertise

Al-related experience Individual’s experience and/or expertise with Al Familiarity of Al, Al experience UTAUT

Technology-related Individual’s experience and/or expertise with traditional technologies ~ Familiarity with technology, expertise with IT UTAUT

experience

Task-related experience Individual’s past experience related to the task performed by Al Domain-specific expertise, issue familiarity UTAUT

Technology-related Individual’s educational background related to traditional Technology/engineering degree UTAUT

education background
Ability to understand

State

Emotion

technologies

Individual’s ability to understand Al output

Individual’s emotional states toward Al

Explainability, understanding

Positive affect, discomfort, fear, emotional reactance
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Antecedent Definition Sample variables Source
Trait
Al efficacy Individuals’ belief in their capabilities to use or interact with Al Al self-efficacy, robot use self-efficacy
systems properly
Task-specific efficacy Individuals’ belief in their capabilities to perform a task Self-competence in recruitment
Attitude towards Al Individual’s attitude toward Al technology Al attitude, implicit theories of Al, general trust in AI, Al UTAUT-AI
acceptance, perceived Al’s threat
Attitude toward technology Individual’s attitude toward traditional technologies (e.g., computer, Technology attachment, personal innovativeness, aftinity for UTAUT-AI
automation) technology
Propensity to trust Individual’s general propensity to trust others Generalized trust level, disposition to trust, trust propensity,
trusting stance
Personality The enduring configuration of characteristics and behavior that Agreeableness, openness to experience, conscientiousness,
comprises an individual’s unique adjustment to life (APA dictionary)  extraversion, neuroticism/emotional stability
Demographics
Age / Age UTAUT
Gender / Gender (male=0, female=1) UTAUT
Education Level of education completed by individuals Education UTAUT
Job characteristics
Work experience The length of time when individuals work for an organization Work experience
Work authority Perceived level of authority at work Authority of work position
Work autonomy Perceived amount of autonomy at work Autonomy at work
Task-related
Task performer Whether it is AT or human that perform the task to be trusted Identity decision-maker, agent, doctor, etc.
Task area The area or field to which the task relates Scenario
Task risk The expectations of adverse results and error costs arising from Aluse  Risk, error cost, privacy risk, amount at stake UTAUT-Meta
(Blut et al., 2022)
Task complexity The work the technology is performing, such as whether it deals with ~ Task complexity, task difficulty, cognitive load G&W(2020)
largely technical or interpersonal judgments
Uncertainty The perceived uncertainty or unpredictability of the situation Uncertainty, predictability of the situation
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Antecedent Definition Sample variables Source

Context

Human-AlI similarity Similarity between human and Al Congruence with self, voice similarity, shared strategy

Leadership Traits or behaviors characteristic of organization leader (APA Management commitment, authoritarian leadership
dictionary)

Organizational culture A distinctive pattern of fundamental values, beliefs, and assumptions ~ Organizational collectivism

shared by members of an organization
Organizational regulation & A set of rules, guidelines, and regulations that govern organizational ~ Regulatory protection, responsible corporate privacy

policy activities
Social influence Individual’s perception that important others believe he/she should Social influence UTAUT
use the Al

Note. UTAUT refers to the unified theory of acceptance and use of technology (UTAUT; Venkatesh et al., 2003); UTAUT-AI refers to UTAUT in the Al context (Venkatesh,
2022); UTAUT-Meta refers to a meta-analysis of UTAUT (Blut et al., 2022); ISSM refers to the information system successful model (ISSM; DeLone & McLean, 1992);
G&W (2020) refers to a review of trust in artificial intelligence (Glikson & Woolley, 2020).
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Table 3.1. Summary of effect size statistics for antecedents of trust in Al

Variable k N r SD, p SD, 95% CI 80% CV %Var  tau? 0 P
Al-related factors
Information quality 23 4,566 032 023 037 025 [0.26,0.48] [0.04, 0.70] 7.81 0.06  281.57°" 92.19
Anthropomorphism 27 10,816 029 023 032 025 [0.22,0.42] [0.00, 0.64] 3.95 0.06  659.04™" 96.06
Interaction quality 11 2,293 029 028 031 031 [0.10,0.53] [-0.11,0.74] 4.84 0.05 20647 95.16
Performance 68 24906 023 024 024 025 [0.18,0.30] [-0.09,0.56] 4.23 0.06 1585.97" 95.78
Transparency 66 13268 025 020 026 020 [0.21,0.31] [0.01, 0.51] 11.24 0.04  578.23™ 88.76
Human-related factors
Attitude toward technology 8 2,603 058 028 0.65 033 [0.37,0.93] [0.18, 1.11] 1.54 0.10  453.75™" 98.46
Ability to understand 3 410 0.50 026 0.51 025 [-0.14,1.16] [0.03,0.98] 6.20 0.06 3228 93.80
Emotion 6 2,702 030 039 034 041 [-0.09,0.77] [-0.27,0.95] 1.29 0.17  388.75"" 98.71
Propensity to trust 12 3,413 0.21 022 025 024 [0.09,041] [-0.09,0.58] 6.78 0.05 162.27" 93.22
Attitude towards Al 20 6,775 022 022 025 024 [0.13,0.36] [-0.07,0.56] 5.42 0.05 350.57" 94.58
Al-related experience 24 6,924 0.19 024 020 026 [0.09,0.31] [-0.14,0.54] 5.37 0.07  428.29™ 94.63
Emotional stability 6 2,081 0.09 0.04 0.11 0.00 [0.06,0.17] [0.11,0.11] 153.82 0.00 3.25 -53.82
Extraversion 5 1,833 0.09 0.08 0.11 0.07 [-0.01,0.22] [-0.01,0.22] 40.18 0.01 9.96" 59.82
Agreeableness 5 1,833 0.08 0.03 0.10 0.00 [0.06,0.15] [0.10, 0.10] 343.50 0.00 1.16 -243.50
Technology-related experience 4 1,196 0.09 0.04 0.09 0.00 [0.02,0.17] [0.09, 0.09] 178.46 0.00 1.68 -78.46
Task-related experience 10 3,122 0.08 0.11 0.08 0.09 [0.00,0.16] [-0.05,0.21] 29.48 0.01 30.53" 70.52
Openness 5 1,833 0.03 020 0.04 023 [-0.26,0.35] [-0.31,0.40] 6.60 0.05 60.61"" 93.40
Gender 17 3,893 0.04 0.10 0.04 0.08 [-0.01,0.10] [-0.06,0.15] 45.15 0.01 35.44™ 54.85
Education 8 2,451 0.02 0.2 0.01 0.12 [-0.10,0.13] [-0.16,0.18] 22.55 0.01 31.04™ 77.45
Age 22 5,686 -0.01 0.11 -0.01 0.10 [-0.07,0.04] [-0.14,0.12] 31.74 0.01 66.16™" 68.26
Conscientiousness 13 2273  -0.039 0.12 -0.05 0.11 [-0.14,0.03] [-0.19,0.09] 43.92 0.01 27.32" 56.08
Task-related factors
Human-AlI similarity 4 888 045 046 046 049 [-0.32,1.25] [-0.34,1.27] 1.27 022  236.88°" 98.73
Task performer 31 15,434 027 028 028 028 [0.18,0.39] [-0.09, 0.65] 2.21 0.03  1359.77"" 97.79
Task complexity 4 1,041 0.03 0.07 0.04 0.02 [-0.07,0.15] 1[0.01,0.07] 92.79 0.00 3.23 7.21
Task risk 18 10,779 0.03 0.19 0.03 020 [-0.07,0.13] [-0.23,0.29] 4.52 0.04  376.48" 95.48
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Variable k N r SD, p SD, 95% CI 80% CV %Var tau’ 0 P

Task uncertainty 4 754 0.00 0.00 0.00 0.00 [-0.01,0.00] 7[0.00,0.00] 73642.21 -0.01 0.00 -73542.21
Context-related factors

Social influence 9 3,497 0.50 0.10 0.57 0.10 [0.49, 0.65] [0.44, 0.71] 16.56 0.01 48.230™" 83.44
Trustworthiness

Ability 8 2,389 064 0.10 0.70 0.10 [0.61,0.79] [0.56, 0.85] 11.76 0.01 59.52%*" 88.24

Benevolence 6 759 024 0.10 027 0.09 [0.13,0.41] [0.14, 0.40] 53.44 0.01 9.36 46.56

Integrity 12 2,623 0.18 020 020 0.21 [0.06,0.34] [-0.08, 0.49] 11.35 0.04 96.93" 88.65

Note. k = the number of studies providing effect sizes for the meta-analysis; N = total sample size; » = uncorrected correlation; SD, = standard deviation of r; p =
mean correlation corrected for measurement error; SD, = standard deviation of p; CI = confidence interval around p; CV = credibility interval around p; % Var =
percentage of variance accounted for by study artifacts; Q = Q-statistic of homogeneity; I” = percentage of variation in effect sizes due to true heterogeneity. Within
each category, variables are ordered by respective p.

EETS

p<.001, “p<.01, *p <.05; two-tailed.

Table 3.2. Summary of effect size statistics for consequences of trust in Al

Variable k N r SD, p SD, 95% CI 80% CV %Var tau’ 0 P
Consequences
Performance 4 1,218 -0.37  0.09 -0.38 0.06 [-0.50,-0.26] [-0.48,-0.28] 42.66 0.00 7.03" 57.34

Note. k = the number of studies providing effect sizes for the meta-analysis; N = total sample size; » = uncorrected correlation; SD, = standard deviation of r; p =
mean correlation corrected for measurement error; SD, = standard deviation of p; CI = confidence interval around p; CV = credibility interval around p; % Var =
percentage of variance accounted for by study artifacts; Q = Q-statistic of homogeneity; I° = percentage of variation in effect sizes due to true heterogeneity.

p <.10; two-tailed.
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Table 4.1. Moderating effect of trust measurement

Subgroup Analysis
Antecedent Trust Measurement k N p SDp 95%CI F
Performance Attitude 42 15182 0.28 0.30 [0.19, 0.38]
Intention 8 1845 0.23 0.21 [0.04, 0.41]
Behavior 13 6412 0.14 0.08 [0.08, 0.19]
0.81
Age Attitude 14 3976 -0.06 0.08 [-0.11, 0.00]
Intention 1 240
Behavior 6 993 0.13 0.06 [0.03, 0.24]
1.48
Gender Attitude 9 2460 0.09 0.09 [0.01, 0.17]
Intention 1 240
Behavior 7 1193 -0.03 0.00 [-0.09, 0.02]
1.42
Conscientiousness Attitude 6 1109 0.04 0.05 [-0.08, 0.15]
Intention 0
Behavior 7 1164 -0.12 0.09 [-0.24, 0.00]
1.05
Task Performer Attitude 14 4805 0.07 0.14 [-0.02, 0.16]
(Al'vs human) Intention 2 653 0.07 024  [-2.10,2.24]
Behavior 10 7891 0.47 0.25 [0.30, 0.65]
1.17

Note. Only subgroup analyses with meaningful between-group differences are presented. k£ = the number of
studies providing effect sizes for the meta-analysis; N = total sample size; p = mean correlation corrected for

measurement error; SD, = standard deviation of p; CI = confidence interval around p.
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Table 4.2. Moderating effect of AI embodiment

Subgroup Analysis
Antecedent Al Embodiment k N p SDp 95%CI F
Al-related Robotic 0
experience Virtual 6 2451 0.39 0.29 [0.09, 0.70]
Embedded 17 4,075 0.09 0.18 [-0.01,0.19]
9.06™
Attitude towards AI Robotic 3 213 0.77  0.18 [0.30, 1.23]
Virtual 8 3,644 028 0.26 [0.06, 0.50]
Embedded 2,672 0.12  0.13 [0.01, 0.24]
13.09"™*
Age Robotic
Virtual 1,024  0.15 0.12  [-0.17,0.47]
Embedded 15 3,560 -0.06 0.05 [-0.11,-0.01]
6.14"

Note. Only subgroup analyses with meaningful between-group differences are presented. £ = the number of
studies providing effect sizes for the meta-analysis; N = total sample size; p = mean correlation corrected for

measurement error; SD, = standard deviation of p; CI = confidence interval around p.

"p <.001, *p < .01, “p < .05; two-tailed.
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Table 4.3. Moderating effect of study design

Subgroup Analysis
Antecedent Study Design k N P SDp 95%CI F
Performance Correlational 38 11549 036  0.32 [0.25, 0.47]
Experimental 29 13173  0.15 0.13 [0.09, 0.2]
0.27
Interaction quality Correlational 6 1577 042 032 [0.08, 0.77]
Experimental 5 716 0.09 0.10 [-0.08, 0.26]
5.63"
Transparency Correlational 5 659 047  0.27 [0.12,0.81]
Experimental 61 12609 025 0.19 [0.2,0.3]
1.51
Al-related Correlational 5 2073 047 0.24 [0.16,0.77]
experience Experimental 19 4851 0.09 0.17 [0, 0.18]
17.97°
Task risk Correlational 8 2061  -0.03 0.37 [-0.34,0.29]
Experimental 9 8534 0.04 0.15 [-0.08, 0.16]
476"

Note. Only subgroup analyses with meaningful between-group differences are presented. k£ = the number of
studies providing effect sizes for the meta-analysis; N = total sample size; p = mean correlation corrected for

measurement error; SD, = standard deviation of p; CI = confidence interval around p.

sk

'p<.001, "p < .01, “p <.05; two-tailed.
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Table 4.4. Moderating effect of study setting

Subgroup Analysis
Antecedent Study Setting k N p SDp 95%CI F
Performance Online 51 22001 0.21  0.25 [0.14, 0.28]
Offline 7 638 040 0.19 [0.20, 0.60]
2.52
Information quality ~ Online 18 3970 034 0.25 [0.21,0.47]
Offline 4 412 0.64 0.10 [0.43,0.84]
2.11
Task risk Online 14 10375 0.02 0.18 [-0.09,0.13]
Offline 3 220 0.59 0.10 [0.24, 0.93]
8.03"

Note. Only subgroup analyses with meaningful between-group differences are presented. & = the number of
studies providing effect sizes for the meta-analysis; N = total sample size; p = mean correlation corrected for

measurement error; SD, = standard deviation of p; CI = confidence interval around p.

*p <.05; two-tailed.
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Figure 1. Flow of the literature search and screening procedure
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Figure 2. Nomological framework of trust in Al
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Figure 3. Number of included papers published per year
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axis refers to the number of papers included in the meta-analysis.
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Figure 4. Funnel plot of all included studies
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Figure 5. Forest plot of effect sizes of antecedents of trust in Al

Al-Related Factors
Information quality
Anthropomorphism
Interaction quality
Performance
Transparency
Human-Related Factors
Attitude toward technology
Ability to understand
Emotion

Propensity to trust
Attitude towards Al
Al-related experience
Neuroticism(a)
Extraversion
Agreeableness
Technology-related experience
Task-related experience
Openness to experience
Gender

Education

Age

Conscientiousness
Task-Related Factors
Human-Al similarity

Task performer

Task complexity

Task risk

Task uncertainty
Context-Related Factors
Social influence
Trustworthiness

Ability

Benevolence

Integrity

—
————

[ ]

1.0

Corrected Effect Size

Note. Each point represents a corrected correlations (p) between an antecedent and
trust in Al. Error bars indicate 95% confidence intervals (CI). Points and error bars
shown in black denote significant effects (95% CI excludes zero), while those in gray
denote non-significant effects (95% CI includes zero). Only antecedents with £ > 2 are

present.
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Figure 6. Nomological framework of trust in Al with corrected average effect sizes
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Figure 7. Forest plot of subgroup analysis
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Appendices

Appendix 1. Summary of Al-related technologies

Technology Definition Relationship with AI Examples Search terms

Technologies Mentioned in Search Terms

Artificial intelligence (AI)  Machines capable of performing cognitive functions commonly / / artificial*
attributed to the human mind, such as learning, reasoning, and intelligen®,
decision making (Qin et al., 2025); Al

Machine learning (ML)

Expert system

Intelligent automation

Intelligent agent

Machine-based system that can, for a given set of human-defined
objectives, make predictions, recommendations or decisions
influencing real or virtual environments (OECD, 2019);

A new generation of technologies capable of interacting with the
environment by (a) gathering information, ..., evaluating the
results of their actions and improving their decision systems to
achieve specific objectives (Ferras-Hernandez, 2018; Glikson &
Woolley, 2020);

The software-based technology that permits automated machines to
sense their surroundings and intelligently make decisions based
on the available data (Kaplan et al., 2023)

Computer systems that automatically improve through experience
(Jordan & Mitchell, 2015)

Subset of Al focused on
data-driven learning

Early Al using IF-THEN
rules, sometimes called
symbolic Al

A sophisticated computer program designed to mimic human
reasoning and problem-solving skills by utilizing a vast
knowledge base and a set of rules or algorithms (EBSCO)

The integration of Al with automation technologies Al-driven

A software program designed to make decisions, respond to its Al-driven
environment, and take actions to achieve specific goals, often

employing artificial intelligence techniques (EBSCO)

Driver allocation
on ride-hailing
platforms
Rule-based
diagnostic
systems in
healthcare

Smart warehouse
auto-sorting
parcels

Digital personal
assistants

machine learning

expert system

intelligent
automation

intelligent agent
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Technology Definition Relationship with AI Examples Search terms
Other Technologies not Explicitly Mentioned in Search Terms
Generative artificial Branch of Al that focuses on creating content, including audio, Subset of Al rooted in ChatGPT, /
intelligence (GenAl) images, text, and videos. It employs advanced algorithms to ML DeepSeek
produce unique outputs based on user prompts... is rooted in
machine learning (EBSCO)
Natural Language A filed of Al concerned with enabling computers to understand, Subset of Al focused on ~ Voice-to-text /
Processing (NLP) interpret, and generate human language transcription
Deep learning (DL) A type of ML in which multilayered (or “deep”) artificial neural Subset of ML using deep ~ Speech and facial /
networks allow a computer system to “earn” from experience, neural networks with recognition
rather than rely wholly on pre-programmed knowledge multiple layers
(EBSCO)
Large-language model A neural network trained on vast amounts of text data to predict and ~ Subset of DL, also subset GPT-4, /
(LLM) generate language (OpenAl) of NLP DeepSeek-R1
Robot Mechanical devices designed to perform tasks independently, often Some are Al-driven Service robots, /
guided by programming and mathematical algorithms (EBSCO) warehouse robots
Algorithm A process or set of rules to be followed in calculations or other Some are Al-driven Sorting /
problem-solving operations, especially by a computer (Oxford algorithms
dictionary)
A defined sequence of steps designed to accomplish a specific task,
often implemented in programming languages so that computers
can understand and execute them (EBSCO)
Automation The execution by a machine agent of a function that was previously Some are Al-driven Conveyor belts /
carried out by a human (Parasuraman & Riley, 1997)
References:

EBSCO. https://www.ebsco.com/research-starters/

Ferras-Hernandez, X. (2018). The future of management in a world of electronic brains. Journal of Management Inquiry, 27(2), 260-263.
Kaplan, A. D., Kessler, T. T., Brill, J. C., & Hancock, P. A. (2023). Trust in artificial intelligence: Meta-analytic findings. Human Factors, 65(2), 337-359.
Glikson, E., & Woolley, A. W. (2020). Human trust in artificial intelligence: Review of empirical research. Academy of Management Annals, 14(2), 627-660.
Jordan, M. 1., & Mitchell, T. M. (2015). Machine learning: Trends, perspectives, and prospects. Science, 349(6245), 255-260.
Parasuraman, R., & Riley, V. (1997). Humans and automation: Use, misuse, disuse, abuse. Human Factors, 39(2), 230-253.
Qin, X., Zhou, X., Chen, C., Wu, D., Zhou, H., Dong, X, ... & Lu, J. G. (2025). Al aversion or appreciation? A capability—personalization framework and a meta-analytic
review. Psychological Bulletin, 151(5), 580-599.
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online experiment. Computers in Human Behavior, 114, 106572.
https://doi.org/10.1016/j.chb.2020.106572
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Decision Systems, 32(1), 110-138.
https://doi.org/10.1080/12460125.2021.1958505

Bigras, E., Jutras, M. A., Senecal, S., Leger, P. M., Black, C., Robitaille, N., Grande,
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Appendix 3. Tests of imputation and publication bias for each meta-analyzed relationship

k N P . .
Variables before before peore KON p (]VO_T;ZS‘?;: sFt:,gies) Egger’s Test ~ Fail-Safek  FSk>5k+10?
imputation imputation imputation

Al-related factors
Information quality 16 3,148 0.39 23 4566 0.37 0 (SE=2.45) t=0.87 (p = 0.395) 4651 Yes
Anthropomorphism 23 8,278 0.33 27 10816 032 3 (SE=3.44) t=-0.57 (p=0.574) 9970 Yes
Interaction quality 8 1,690 0.42 11 2293 031 0 (SE=2.18) t=-0.63 (p = 0.544) 759 Yes
Performance 55 20,306 0.22 68 24906 0.24 0 (SE=4.66) t=2.97 (p=0.004) 43126 Yes
Transparency 36 9,899 0.26 66 13268 0.26 0 (SE=4.78) t=1.72 (p=0.091) 20189 Yes

Human-related factors
Attitude toward technology 8 2,603 0.65 8 2,603 0.65 0 (SE = 1.90) =-133 (p=0.231) 3305 Yes
Ability to understand 2 340 0.53 3 410 051 0 (SE=1.50) t=-0.28 (p = 0.825) 143 Yes
Emotion 4 1,626 0.06 6 2702 034 0 (SE=1.77) t=-0.81 (p = 0.463) 522 Yes
Propensity to trust 10 2,363 0.12 123413 025 0 (SE=2.28) t=-221(p=10.051) 430 Yes
Attitude towards Al 20 6,775 0.25 20 6,775 025 0 (SE=2.28) t=1.86 (p=0.079) 3410 Yes
Al-related experience 15 5,142 0.14 24 6924 020 6 (SE =3.25) t=-0.85 (p = 0.403) 1,829 Yes
Emotional stability 5 1,870 0.11 6 2081 0.1 1 (SE=1.81) t=1.16 (p=0.311) 37 No
Extraversion 4 1,622 0.08 5 183 011 0 (SE =1.68) t=0.41 (p=0.707) 26 No
Agreeableness 4 1,622 0.10 5 183 010 0 (SE =1.68) 1=0.56 (p = 0.616) 17 No
Technology-related experience 3 798 0.11 4 1,19 0.09 2 (SE=1.47) t=-2.44 (p=0.135) 4 No
Task-related experience 7 2,734 0.10 10 37922 0.08 1 (SE =2.20) t=-3.99 (p = 0.004) 14 No
Openness 4 1,622 0.12 5 1,833 004 0(SE=1.12) t=-1.05(p=0.371) 0 No
Gender 14 3,726 0.04 17 3893 0.04 5(SE=2.71) t=-0.60 (p = 0.557) 1 No
Education 7 2,053 0.03 8 2451 001 0 (SE =1.84) =-1.48 (p=0.189) 0 No
Age 18 5,121 -0.01 22 5686 -0.01 5(SE=3.14) t=-0.32 (p=0.752) 0 No
Conscientiousness 9 1,895 -0.06 13 2273 -0.05 0 (SE =2.30) t=0.87 (p = 0.405) 0 No
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k N p

Variables before before peore KON p (]VO_T;ZS‘?;: sFt:,gies) Egger’s Test ~ Fail-Safek  FSk>5k+10?
imputation imputation imputation
Task-related factors
Human-Al similarity 4 888 0.46 4 ggg 046 1 (SE=1.61) t=-5.00 (p = 0.038) 241 Yes
Task performer 26 14,350 0.29 31 15434 028 6 (SE=3.71) t=-3.92 (p =0.001) 4,866 Yes
Task complexity 3 226 0.04 4 1,041 004 2 (SE=1.51) t=1.52 (p=0.267) 0 No
Task risk 16 10,642 0.04 18 10,779 0.03 0 (SE=2.61) t=1.59 (p=0.131) 421 Yes
Task uncertainty 4 754 0.00 4 754 0.00 0 (SE=1.38) t=-1.56¢"3 (p <.001) 0 No
Context-related factors
Social influence 7 2,298 0.59 9 3497 057 0 (SE =1.84) t=133 (p=0.224) 3,581 Yes
Trustworthiness
Ability 3 586 0.70 8 2389 0.70 0 (SE =1.90) =-1.09 (p =0.317) 3,535 Yes
Benevolence 4 613 0.26 6 759 027 1 (SE=1.82) t=-0.75 (p = 0.497) 79 Yes
Integrity 6 1,429 0.26 12 2623 020 0 (SE=2.14) t=1.59 (p =0.144) 465 Yes
Performance (outcome) 2 820 -0.42 4 1218 -037 1 (SE = 1.58) 1=4.64 (p=0.044) 240 Yes

Note. “Before imputation” refers to &, N, and p when no reliability imputation is not conducted. In trim-and-fill analyses, a small or zero estimated number of missing
studies indicate the symmetry of the funnel plot. In Egger’s test, a non-significant ¢ value also suggests funnel plot symmetry. Symmetry of funnel plot implies that
included studies are distributed evenly around the mean effect size, reducing concerns about systematic publication bias. Fail-Safe N indicates the number of
unpublished studies with null effect sizes that would be needed to make the estimated effect size non-significant; 5k+10 is a commonly used criterion for evaluating
whether the Fail-Safe N is sufficiently large to alleviate concerns about publication bias (k = number of observed studies).
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Appendix 4. Summary of outlier analyses

Antecedent Outlier rstudent  Cook’s p 95%CI p after 95%CI Ap
distance removal after
removal
Information Bigras et al. 5.02 .69 37 [.26, .48] 37 [.25, .48] 0
quality 2018 (n =20)
Anthropomor- Youn & Jin 3.18 26 32 [.22, .42] 28 [.18,.37] -.04
phism 2021 (n=602)
Transparency Tuncer & 3.7 29 26 [.21,.31] 25 [.20,.31] -.01
Ramirez 2022
(n=134)
Al performance  Yinetal. 2019 6.55 29 24 [.18,.30] 24 [.17,.30] 0
(n=13)
Emotion Chi et al. 2023 3.49 57 34 [-.09,.77] .07 [-.23,.38] -.27
(n=986)
Gender Lacroux & 3.26 57 .04 [-.01,.10] .01 [-.03,.06] -.03
Martin-
Lacroux 2022
(n=560)
Education Xiang et al. -3.41 75 .01 [-.02,.10] .03 [-.06,.12] +.0
2022 (n=80) 2
Age Oksanen et al. 3.14 53 -.01 [-.10,.13] -.05 [-.09,.00] -.04
2020 (n=720)
Risk Juravle et al. 5.77 1.87 .03 [-.07,.13] .02 [-.07,.11] -.01
2020 (Study 1,
n=176)
Social influence ~ Carbone 2020 3.09 .69 .57 [.49, .65] 55 [49,.62] -.02
(n=213)

Note. rstudent refers to externally studentized residuals, indicating how much a study’s effect size
deviates from p; Cook’s distance provides an overall measure of the study’s influence on the p
estimate, and larger values suggest that omitting the study would substantially alter the estimate;
Ap represents the change in p after removing the outlier(s).
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Appendix 5. Meta-regression analysis based on publication year

Variable k F (test of moderator) )
Al-related factors
Information quality 23 1.14 >0.05
Anthropomorphism 27 0.98 >0.05
Interaction quality 11 1.48 >0.05
Performance 68 1.30 >0.05
Transparency 66 3.18 0.013

Human-related factors

Attitude toward technology 8 0.39 >0.05
Ability to understand 3 NA NA

Emotion 6 1.95 >0.05
Propensity to trust 12 0.41 >0.05
Attitude towards Al 20 0.22 >0.05
Al-related experience 24 1.49 >0.05
Emotional stability 6 0.05 >0.05
Extraversion 5 6.98 >0.05
Agreeableness 5 1.14 >0.05
Technology-related experience 4 4.40 >0.05
Task-related experience 10 0.17 >0.05
Openness 5 43.1 0.023
Gender 17 0.24 >0.05
Education 8 4.02 0.091
Age 22 2.85 0.067
Conscientiousness 13 0.30 >0.05

Task-related factors

Human-Al similarity 4 NA NA

Task performer 31 0.42 >0.05
Task complexity 4 2.46 >0.05
Task risk 18 491 0.012
Task uncertainty 4 NA NA

Context-related factors
Social influence 9 7.21 0.029

Note. k = the number of studies providing effect sizes for the meta-analysis; /"= omnibus test of the
moderator effect; p = the p value associated with the F test; values above 0.05 indicate that effect sizes
are not contingent on publication year.
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Essay 2 and Essay 3: Unpacking the Effect of AI Transparency on Trust in Al
General Introduction

As artificial intelligence (Al) increasingly penetrates people’s work and daily
lives, considerable efforts have been invested in developing governance frameworks
for AI’s functionality and ethics, among which Al transparency is often highlighted as
a crucial component. For instance, the European Union’s Al Act, the first regulation
on Al, features a section specifically outlining transparency requirements, such as
disclosing summaries of copyrighted data used for training. Transparency and
explainability were also part of the eleven governance principles published by the
Singapore government.

In academic research, Al transparency has also received extensive attention
across various disciplines, particularly due to the significance of “explainable Al
(XAI)” in algorithm design and its influence on user responses. It is defined in
management research as “the level to which the underlying operating rules and inner
logics of the technology are apparent to the users” (Glikson & Woolley, 2020, p. 631).
Enhancing Al transparency is widely regarded as beneficial in various aspects. It
fosters human trust in Al (Glikson & Woolley, 2020; Langer & Konig, 2023),
mitigates the risk of error and misuse, facilitates the distribution of responsibility, and
shows respect for people (Blackman & Ammanath, 2022). Additionally, research has
shown that Al transparency is associated with users’ satisfaction, adoption intentions,
and actual usage behaviors (Bayer et al., 2021; Bigras et al., 2018; S. Yu et al., 2023).

Transparency is viewed as more critical for Al technologies than for more
traditional technologies such as automation. The latter is often viewed as deterministic
and acts following pre-set guidelines, while Al functions in highly complex and

partially random environments, leading to non-deterministic, multi-layered behaviors.
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This introduces uncertainty and risk in human-Al interactions, which are critical
elements of trust. Glikson and Woolley (2020) suggested that trust is a particularly
relevant outcome of transparency.

Despite extensive research efforts, included papers in Essay 1 reported
inconsistent findings regarding the effect of Al transparency on trust. On one hand,
transparent Al has been found to facilitate more favorable attitudes, higher intentions
to trust in Al, and more acceptance behaviors (Kyung & Kwon, 2022; Shin, 2021;
Shin et al., 2022; L. Yu & Li, 2022). For instance, illustrating decision heuristics
(Elofson, 2001), presenting data points or keywords important to the decision-making
process (Schmidt et al., 2020b; Zhou et al., 2019), and providing textual or visual
explanations for the decisions (Gobel et al., 2022; Leichtmann et al., 2023; Selten et
al., 2023) were all found to increase human trust in Al. On the other hand, some
studies found a negative or non-significant relationship between Al transparency and
trust. Bayer et al. (2021) found that explanations of an Al-based decision support
system were related to less reliance on Al’s suggestions, although the difference was
not statistically significant. Nakashima et al. (2022) found that people displayed high
trust in machine learning algorithms, regardless of the existence of explanation
artifacts. In addition, educating users about how machine learning works could not
significantly affect trust (Leichtmann et al., 2023).

I argue that such inconsistency in the effect of Al transparency stems from the
fact that studies have encompassed different dimensions and facets of this construct,
leading to a lack of convergence on its conceptual and operational meaning. To gain
deeper insights into how Al transparency has been conceptualized and empirically
examined, I reviewed the relevant articles included in the meta-analysis in Essay 1

(see Table 1). To categorize different facets of Al transparency, I draw on the
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framework of Organizational Transparency (Schnackenberg et al., 2021;
Schnackenberg & Tomlinson, 2016), which proposes three facets underlying
transparency: information accuracy, disclosure, and clarity.

Building on these findings, Essay 2 and Essay 3 develop a multi-facet
conceptualization of Al transparency, comprising four core facets: (a) Al information
accuracy (i.e., the extent to which the information delivered by Al is accurate), (b) Al
information disclosure (i.e., the extent to which information about how and/or why Al
reaches a particular decision, recommendation, or prediction is disclosed), (c) Al
information clarity (i.e., the extent to which the information delivered by Al is
understandable for job seekers, even when they have little technical knowledge), and
(d) Al information personalization (i.e., the extent to which information delivered by
Al is customized according to job seekers’ unique characteristics and/or preferences).

To empirically test the relationships of these facets on the formation of trust in
Al I design two between-subject experiments within the context of Al-mediated
career assessment and feedback sessions. The first experiment focuses on Al
information accuracy and disclosure, given their primary role in determining the
presence and reliability of Al-provided information, which is more content-focused.
The second experiment focuses on Al information clarity and personalization,
exploring how the manner and style of information communication (more process-
focused) shape trust formation. Separating these facets across two studies allows the
balancing of theoretical clarity with practical considerations such as experimental
complexity, participant burden, and statistical power.

Theoretical Background

Information Uncertainty in Human-AlI Interactions
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Generally, it is believed that there is a certain level of information uncertainty
embedded in the interactions with AI, which means users “have less information
available than they ideally would like to have in order to be able to confidently form a
given social judgment” (Van Den Bos, 2009, p. 198). According to the Uncertain
Reduction perspective (Berger, 1986; Berger & Calabrese, 1975), such uncertainty
involves two elements — explanation and prediction. Individuals, when interacting
with another party, would seek explanations of the other’s behavior (e.g., why, what it
meant), trying to reduce the number of alternative explanations; they also seek to
develop a priori predictions about the alternative acts that the other party might take.

Originally developed for research on interpersonal relationships, information
uncertainty between the two interacting parties and uncertainty reduction also applies
to the context of organizational behaivor (e.g., Lind & Van den Bos, 2002) and Al
(e.g., Gobel et al., 2022; Liu, 2021). Information uncertainty is particularly salient for
human-Al interactions, especially during initial interactions, given the complexity and
“black box” nature of AI’s functioning process. Just as humans are inherently
motivated to make sense of the events perceived in their environments (Heider, 1958),
Al users are motivated to reduce the uncertainty in their interactions with Al by
gathering more information about AI’s inner logic, understand and evaluate Al-
generated information, results, and recommendations, and subsequently make better
plans to achieve their goals (Berger & Calabrese, 1975; Liu, 2021).

Al Transparency: Beyond Information Disclosure

One important approach to reduce such information uncertainty is through
building transparency (Venkatesh et al., 2016). This enables users to obtain
information and make sense of how and why Al presents certain results or makes

specific suggestions. In the context of Al, transparency is defined as the level to
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which “the underlying operating rules and inner logics of the technology” (Glikson &
Woolley, 2020, p. 631) or “the internal mechanics of a system (e.g., AI’s mind)” (De
Freitas et al., 2023) are apparent, observable, and understandable by humans. A
transparent Al informs users about its functionality, capabilities, and accuracy,
usually by outlining its decision-making process and providing illustrations for its
results and decisions. Such information equips users with basic-level knowledge,
regardless of their technological expertise, that helps to make sense of and evaluate
Al-generated results during the human-Al interaction process.

Table 1 revealed that research predominantly attempted to enhance Al
transparency by offering explanations differing in amount (e.g., placebo, brief,
detailed), content (e.g., past examples, rules), and way of presentation (e.g., visual,
textual). For instance, Elofson (2001) found that intelligent agents providing their
decision heuristics (versus not providing) were trusted more and preferred when
making hiring decisions. Similarly, an Al interviewer providing explanations about its
functionality was trusted more by job interviewees (Suen & Hung, 2023). Alam and
Mueller (2021) found that local explanations that were based on specific cases,
compared with global explanations based on general cases, were associated with
higher user satisfaction, trust, and understanding of Al. Additionally, local
explanations were more effective when presented visually rather than in terms of text.

While disclosure of information is the first step in creating transparency, |
argue that relatively less attention has been paid to the quality of such information —
how accurate is the provided information (Schmidt et al., 2020; Tuncer & Ramirez,
2022; Zhang et al., 2020)? How is the information relevant to users’ individual
preferences and characteristics (Shi et al., 2021; Wu et al., 2022; Yokoi et al., 2021)?

How well the provided information was understood and digested by the recipients (De
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Freitas et al., 2023; Glikson & Woolley, 2020; Shin, 2021)? For instance, De Freitas
and colleagues (2023) conceptualized transparency as not only making the inner
mechanics of the system observable, but also making them understandable to users.
Glikson and Woolley (2020) emphasized in their review the importance of offering
explanations that are “understandable to users, even when they have /itt/e technical
knowledge” (p. 631). Relevant to this are the concepts of interpretability,
comprehensibility, and explainability — capturing whether the inner process is hard to
examine, comprehend, and explain (Ashoori & Weisz, 2019; Lundberg et al., 2022;
Shin, 2021; Tuncer & Ramirez, 2022). Additionally, in an organizational context
where Al helped with task assignments, Yu and Li (2022) distinguished the concept
of Al decision-making transparency from employee perceived transparency — the
former refers to whether information about AI’s working mode is released, while the
latter focuses on the availability of information subjectively perceived by employees.
From Information Disclosure to Information Quality

In Essay 2 and Essay 3, I propose a broader approach to studying Al
transparency — conceptualizing it as the perceived quality of Al-provided information,
which encompasses multiple elements, each explaining a fundamental aspect of
transparency.

The idea of information quality has been introduced and emphasized in
“research on transparency and technology acceptance. In this section, I discuss how
the Information System Success Model (DeLone & McLean, 1992; Delone &
McLean, 2003) and the framework of Organizational Transparency (Schnackenberg et
al., 2021; Schnackenberg & Tomlinson, 2016) contribute particularly to illustrating
the relationship between transparency, information quality, and trust.

Information System Success Model (ISSM)
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This model focuses on unveiling the factors contributing to the effectiveness
of information systems. They argue for the serial nature of information
communication: the information system (a) generates information, (b) communicates
the information product to the recipient, and (c) the recipient is influenced or not
influenced by the information product. Stage (a) concerns system quality, the desired
characteristics of the information system itself. Stage (b) is related to information
quality, the desired characteristics of the information output produced by the system.
Finally, stage (c) includes the receipt of information output (i.e., use) and its influence
on the recipient, including user satisfaction, individual impact, and organizational
impact. Specifically, information quality is captured by a set of desired characteristics
such as accuracy, reliability, clarity, understandability, precision, timeliness,
completeness, relevance, and personalization of output (DeLone & McLean, 1992,
2004). Most research investigates this construct from the perspective of the
information recipient, thus the specific set of desired characteristics is chosen rather
subjectively depending on the application scenarios (DeLone & McLean, 1992).
However, as we discuss in the next section, our framework of Al transparency
consists of four basic facets that appear to be universally valued by Al users.

The Framework of Organizational Transparency

Developed by Schnackenberg and Tomlinson (2016), this framework reflects
one of the primary efforts in synthesizing research on transparency and articulating its
multidimensional nature. They define transparency as a perception of information
quality, “the perceived quality of intentionally shared information from a sender”
(Schnackenberg & Tomlinson, 2016, p. 1788), in the organizational context. They
further contend that transparency is multidimensional, consisting of three distinct

dimensions rather than being unidimensional as is often presumed. The three
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dimensions are: (a) disclosure, the perception that relevant information is made
available to the recipient, (b) clarity, the perceived degree of lucidity and
comprehensibility of the communicated by the sender, and (c) accuracy, the
perception that the provided information is correct and precise to the extent possible,
considering the nature of the sender-recipient relationship. Additionally, it is worth
noting that they found in a subsequent survey that transparency perception was
capable of explaining the variance in important outcomes, such as trustworthiness
(i.e., ability, benevolence, integrity).
A Typology of Multifaceted AI Transparency

Building upon the review in Essay 1 and drawing on the ISSM and framework
of organizational transparency, I propose a typology of Al transparency that consists
of four key facets: disclosure, accuracy, clarity, and personalization. Each facet
reflects perceptions of a desired characteristic of the information output provided by
the Al model. A categorization of the transparency-related variables for each Essay 1
article based on their relevance to the four facets can be found in Table 1.
AI Information Disclosure

Disclosure is defined as whether information about how and/or why Al
reaches a particular decision, recommendation or prediction is made available to its
users. As discussed above, Al users are inherently motivated to make sense of the
output, decisions, or suggestions provided by Al. This includes understanding the
process by which the model arrives at its decisions, such as the heuristics it employs,
the underlying operating principles, and the inner mechanics that govern its
functioning. For example, Al-based tools can disclose the important training data
(Zhou et al., 2019), words (Schmidt et al., 2020), textual features, and behavioral

features (Xiang et al., 2022) that are critical to the decision-making process.

93



AI Information Accuracy

Al information accuracy captures whether the information delivered by Al is
correct to the extent possible given the sender-recipient relationship. It reflects users’
subjective perceptions of whether the provided information is reliable or credible.
Importantly, it differs from Al effectiveness, which concerns AI’s capability to
achieve its functional goals and objective performance outcomes. In empirical studies,
Al accuracy is frequently manipulated or communicated through objective metrics
like accuracy rate (Kim et al., 2021) and confidence scores (Ashoori & Weisz, 2019;
Chanda et al., 2024; Tuncer & Ramirez, 2022; Zhang et al., 2020). However, within
the framework of Al transparency, Al information accuracy is distinct in that it
captures subjective perceptions held by the users.
AI Information Clarity

Clarity refers to the extent to which the information delivered by Al is
understandable for recipients, even those with limited technical knowledge. Yet it is
less clear in the literature the specific indicators of interpretability, explainability, or
understandability. One potential approach to improving clarity for non-technical
audiences is to use more layman’s language over technical jargons. Another approach
from the perspective of Al users argues that it is also important for users to enhance
their ability to properly use and evaluate Al products, which is conceptualized as
users’ Al literacy (Leichtmann et al., 2023; Wang et al., 2022).
AI Information Personalization

Finally, this facet refers to the extent to which the information delivered by Al
is customized according to the recipient’s unique characteristics and/or preferences.
This enables users to feel that their uniqueness is not neglected and their preferences

are taken into consideration by the Al. For instance, Al recommendation agents are
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able to tailor product recommendations that satisfy customers’ personal demands and
preferences (Min et al., 2021; Wu et al., 2022) or provide medical diagnoses that are
based on the patient’s unique symptoms and situations (Yokoi et al., 2021).
Overview

The following sections are organized as follows: Essay 2 and Essay 3 each
hypothesizes a theoretical model featuring two facets of Al transparency — Al
information disclosure and accuracy in Essay 2, and Al information clarity and
personalization in Essay 3. For each Essay, sections on hypothesis development,
methods and results, and discussions will be presented. In the end, a general
discussion section is provided to summarize the findings from Essay 2 and Essay 3,
discuss their theoretical implications, practical implications, and limitations, as well

as outline future research directions.
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Essay 2: Role of AI Information Disclosure and Accuracy in Facilitating Trust in
Al
Hypothesis Development
Transparency and Trust
Transparency is positively associated with trust in various contexts from
manufacturing, inter-organizational communications, to e-governance (Edmonds et
al., 2019; Schnackenberg et al., 2021; Venkatesh et al., 2016). A recent meta-analysis
showed that, in interpersonal relationships, transparency of the trustee was positively
related to perceived trustworthiness (» = 0.48). In the context of technology
acceptance and adoption, transparency is believed to be one of the critical factors
predicting development of human trust in automation (Schaefer et al., 2016), robots
(Hancock et al., 2011), recommendation agent (Benbasat & Wang, 2005) and Al
(Glikson & Woolley, 2020). Greater transparency indicates more relevant information
is available to the users, which then alleviates the information uncertainty or
asymmetry perceived during the human-technology interaction processes (Xiao &
Benbasat, 2007). This enables users to better understand and navigate their
interactions with these technologies, and to have richer evidence for forming
evaluations of their trustworthiness and deciding subsequent attitudinal and
behavioral responses.
I propose that Al transparency exerts a direct influence on users’ beliefs in
ATl’s trustworthiness, which, in turn, affects the formation of trust attitudes as well as
adoption intentions and behaviors. To unpack the effect of Al transparency on
perceived trustworthiness, [ draw on Mayer et al.’s (1995) framework of Ability-
Benevolence-Integrity, which indicates that a major portion of trustworthiness is

explained by three factors — ability, benevolence, and integrity. In the context of Al,
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ability refers to AI’s competencies, capabilities, and attributes that enable it to
perform effectively within a specific domain. Benevolence reflects the extent to which
Al is believed to act in users’ best interests, beyond egocentric profit motives. Finally,
integrity captures Al’s adherence to principles that are considered acceptable by the
users.

In the next section, I discuss how Al information disclosure and Al
information accuracy, as facets of Al transparency, influence the three dimensions of
Al trustworthiness. It is worth investigating the effects of three trustworthiness
dimensions separately, as they capture different components — ability deals more with
“can-do”, while benevolence and integrity concern more about “will-do” (Colquitt et
al., 2007).

Al Information Disclosure and Perceived Trustworthiness

Prior research indicates two possible effects of information disclosure. On one
hand, Al that discloses information about the process, criteria, and even constraints of
its decision-making process may be perceived as more trustworthy. Such disclosure
signals the existence of a clear, logical, and explainable system that guides AI’s
functioning process and showcases Al’s capability to communicate with the user,
increasing the perception of Al’s ability. Besides, disclosure, as often viewed as
voluntary, conveys Al’s willingness to disclose rather than to conceal, and its
intention to reduce the information asymmetry and take responsibility for its decisions
(Kyung & Kwon, 2022). Such disclosed information will allow information recipients
to make informed decisions (Tomlinson & Schnackenberg, 2022), which further
contributes to users’ evaluations of AI’s benevolence. It also indicates that the Al is
honest and adheres to the principle of openness and information sharing

(Schnackenberg & Tomlinson, 2016).
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On the other hand, mere disclosure may not be enough to cultivate
trustworthiness. De Freitas et al. (2023) proposed that not all explanations are equally
effective at improving attitudes towards Al. This might also be due to the reason that
individuals vary in their abilities to understand and make sense of Al-provided
information. If the packaging of information is hard to understand or lacks legitimacy
labels, users may cast doubt on the ability and motivation of Al to disclose such
information. Suspicion of the possibility that Al deliberately obscures or intentionally
manipulates the communication process is even harmful to the formation of

trustworthiness perceptions.

Hypothesis 1. Al information disclosure increases perceived Al

trustworthiness in terms of (a) ability, (b) benevolence, and (c) integrity.

Hypothesis 1 (alternative). Al information disclosure is not significantly
related to perceived Al trustworthiness in terms of (a) ability, (b)

benevolence, and (c) integrity.

Al Information Accuracy and Perceived Trustworthiness

Accurate information from Al will primarily affect the development of ability
beliefs, as it provides proof of AI’s competence to complete assigned tasks
effectively. Conversely, information perceived as less accurate raises doubts about
Al’s capabilities. This skepticism is particularly detrimental in the case of Al, given
that ability is often regarded as the most critical factor in the three dimensions of
trustworthiness in research on technology trust, or even the sole criterion determining
AT’s trustworthiness when Al is presumed to lack agency (McKnight et al., 2011).

Although less theorized in prior research, the provision of accurate
information from Al may also enhance users’ perceptions of its benevolence and

integrity. Voluntarily sharing accurate information signals care for the users’ benefits
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and shows an aversion to engaging in manipulative practices (Schnackenberg &
Tomlinson, 2016). In contrast, the delivery of inaccurate information by Al
undermines the inference of AI’s intention, leading to doubt on its commitment to be

beneficial, honest, truthful and unbiased.

Hypothesis 2. Al information accuracy increases perceived Al

trustworthiness in terms of (a) ability, (b) benevolence, and (c) integrity.

Interaction of AI Information Disclosure and Accuracy

I further propose that the effect of Al information accuracy on shaping
trustworthiness perceptions may depend on the level of Al information disclosure.

On one hand, when Al-provided information is perceived as accurate,
additional disclosed information provides transparency into the Al’s processes and
logic, which helps to reinforce perceptions of trustworthiness. On the other hand,
things become complicated when users perceive the Al-provided information as
inaccurate. Specifically, they will experience uncertainty about the underlying cause —
whether the inaccuracy results from a technical limitation, a random error, or their
own misunderstanding. This uncertainty can erode trust, as users lack sufficient cues
to attribute the cause of the perceived inaccuracy.

In this context, additional disclosed information can paradoxically reduce
users’ suspicion of the Al that provides seemingly inaccurate information. By offering
detailed explanations or signals of openness, disclosure can create an impression that
the Al is reliable and acting in good faith. As a result, users may be more inclined to
attribute the perceived inaccuracy to their own misunderstanding or to acceptable
variation in the outputs, rather than to flaws in the AI’s functionality or motives. This

ultimately would lead to overtrust in the inaccurate Al. In contrast, in the absence of
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disclosure, users have fewer cues to explain the perceived inaccuracy, so they are
more likely to doubt the AI’s functionality or motives.

Given this, while Al information disclosure may reinforce perception of
trustworthiness, it may also reduce suspicion and attenuates the negative impact of
perceived inaccuracy (or low accuracy). As such, the direction of this moderation
effect remains an open empirical question. Therefore, I only theorize the interaction
effect between Al information accuracy and Al information disclosure without

hypothesizing the direction of the moderation effect:

Hypothesis 3. Al information accuracy interacts with Al information

disclosure to influence perceived Al trustworthiness.

Perceived Trustworthiness, Trust in Al, and Consequences

The Theory of Planned Behavior (TPB) (Ajzen, 1991) describes a
development process flowing from beliefs to attitudes, and behavior. In our research
context, a human trustor first forms trustworthiness beliefs, which represent cognitive
appraisals of specific attributes (e.g., ability, benevolence, integrity) of Al based on
clues before and during interaction. Beliefs serve as a foundation for attitudes that
reflect an individual’s general evaluation of Al as a whole. Attitudes in turn predict
behavioral intentions, which translate into actual behaviors when the situation
permits.

Following this rationale, I propose that perceived Al trustworthiness will
contribute to the formation of trust in Al and elicit subsequent behavioral responses.
The distinction between Al trustworthiness and trust in Al allows for examining
whether various beliefs consistently translate into generalized trust in Al, eventually

informing actual behavior and future behavioral intentions.
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Trust in AI

Aligning with the above arguments, Mayer et al. (1995) proposed in their
framework that trust is a function of perceived ability, benevolence, and integrity, and
the three distinct and related factors account for the within-trustor variation in trust for
others (Mayer & Davis, 1999). In parallel, Al users first form their cognitive
judgments and evaluations of the AI’s attributes associated with their ability,
benevolence, and integrity, and subsequently generate more holistic attitudes about
whether the Al can be trusted.

In addition, I proposed that trustworthiness in terms of ability may exert a
stronger influence on the formation of trust attitudes in Al. Al and other technologies
are designed and perceived primarily as functional tools or decision aids, especially in
the present research context of Al career assessment. While I acknowledge the
potential emotional and relational values Al can offer, competence forms the
foundation for technologies to operate and produce outputs. This functional
orientation suggests that people tend to weigh ability more heavily than benevolence
or integrity when deciding whether the Al can be trusted. Prior research provides
empirical support for this argument — Essay 1°s meta-analysis revealed that each of
the trustworthiness beliefs was, on average, positively related to trust in Al. Notably,
the average effect size of ability (p =.73) was substantially larger than that of
benevolence (p = .23) and integrity (p = .20).

Given the above arguments, I propose the following hypotheses:

Hypothesis 4. Perceived Al trustworthiness in terms of (a) ability, (b)
benevolence, and (c) integrity is positively related to trust in AI, with
perceived ability expected to have the strongest influence.

Hypothesis 5. Perceived Al trustworthiness mediated the effect of (a) Al

information disclosure and (b) Al information accuracy on trust in AL
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Consequences of Trust in AI

Trust behavior, reflecting whether the users of Al adopt it for usage, accept its
suggestions and recommendations, or rely on it to make decisions, is a critical
consequence that develops from trustworthiness beliefs and trust attitudes. Research
has found that higher levels of perceived trustworthiness and trust in Al were
associated with more acceptance and reliance. For example, people who perceive Al
as more trustworthy or place more trust in Al displayed a higher intention to follow
AT’s recommendations and a lower tendency to double-check AI’s output (Gobel et

al., 2022; Selten et al., 2023; Yokoi & Nakayachi, 2019).

Hypothesis 6. Trust in Al is positively related to trust behavior.

Another consequence that has been emphasized in research on technology
acceptance and adoption is trust appropriateness — whether users’ trust fits with the
technology’s capabilities, such as following a correct Al or not following an incorrect
Al (Edmonds et al., 2019; J. D. Lee & See, 2004). Contrary to the appropriate trust
are situations of overtrust (or, misuse) and distrust/ undertrust (or, disuse) — overtrust
indicates that users follow an incorrect Al, while distrust/ undertrust reflects
situations when users fail to follow a correct Al It is less clear from the current
literature about the determining factors for trust appropriateness; thus I do not

hypothesize the direction of the effect of trust in Al on trust appropriateness:

Hypothesis 7. Trust in Al is significantly related to trust appropriateness.

Finally, I propose that trust in Al also affects users’ behavioral intentions
when foreseeing future interactions with Al. As indicated by Mayer and Davis (1999),

such intentions reflect a willingness to engage in risk-taking activities with Al, such
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as sharing sensitive information and permitting the trustee to control over issues that
are important to the trustor (in our research context, choosing careers). For example,
Shi et al. (2021) found that users’ trust in an Al-based recommendation system led to
higher intention to adopt it as a decision aid or delegate certain tasks (e.g., making
travel plans) to Al Thus, trust in Al is expected to be positively related to trust

intentions regarding future interactions.

Hypothesis 8. Trust in Al is positively related to future trust intentions.

The overall theoretical framework of Essay 2 is presented in Figure 1.

Methods and Results
Sample and Procedure

I designed a 2 (disclosure vs. no disclosure) by 2 (information accuracy: high
vs. low) between-subject experiment to test the hypotheses. Power analysis using
G*Power suggests a minimum sample size of 128 to reach a medium effect size of .25
with sufficient statistical power of .80 at a significance level of .05.

Three hundred and seventy-six undergraduate students from a large Asian
university were recruited to participate in our online experiment in exchange for one
course credit. After removing 61 responses that failed the attention check, 315
(83.78%) were kept in the final sample for analysis. 61.6% of participants were
female, 93% were Asian, and 55.9% were looking for a job at the time of the study.
They had a mean age of 20.22 (SD = 1.58) and an average internship or work
experience of 1.1 years (SD = 1.32). None of the participants had missing responses
on the focal variables.

Figure 2 presents the overall study procedure. Upon study registration,
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participants were briefed on a career assessment session mediated by an Al career
advisor. Before the session, participants provided information about their
demographics, personalities, and familiarity with Al and Al-mediated career
assessments. Then, they were randomly assigned to one of four experimental
conditions and directed to the corresponding online platform developed and hosted by
the research team to complete the career assessment (see Figure 3 for sample
screenshots). At the end of the session, participants received a career assessment
report provided by the Al career advisor, including test results, an analysis of career
interests, and four recommended jobs. Participants were asked to choose only one job
from the recommendation list to obtain more detailed information and received the
information after the choice. Upon session completion, participants completed a post-
session survey on manipulation check questions, reason of choice, and their trust in
the Al career advisor. Finally, participants will be debriefed about the purpose of the
study. Throughout the study, a mouse-tracking algorithm was embedded into the
webpage to track participants’ viewing time and mouse trajectories.
Career Assessment Test

In real-life career assessment and feedback sessions, individuals typically
undertake psychometric tests to identify their personal values and vocational
preferences and explore suitable career options with guidance from career coaches or
employers. These career options are identified by matching individuals’ vocational
interests with the task requirements and demands associated with specific jobs or
vocations. One of the most widely used career assessments is based on Holland’s
RIASEC model of vocational interests, which categorizes individuals’ vocational
interests along six dimensions: realistic, investigative, artistic, social, enterprising, and

conventional.
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In this study, the short form of the O*NET Interest Profiler (IP) was employed
as the career assessment test for two reasons. First, hosted on the Occupation
Information Network (O*NET) website, IP is a widely recognized and freely
accessible resource for career exploration, planning and coaching. Particularly, it is
one of the recommended career assessment tools in the university and the country
where our participants were located. Second, the 60-item IP short form is one of the
shortest validated interest assessments available (Nye, 2022; Rounds et al., 2010).
Compared to the 180-item full version, it reduces the cognitive burden on participants
while maintaining acceptable response quality in an online, computerized setting.
Participants will be shown 60 work activities, with 10 items representing each
RIASEC type. For each work activity, participants rate their level of interest on a 5-
point Likert scale (0 = “strongly dislike,” 1 = “dislike,” 2 = “unsure,” 3 = “like,” 4 =
“strongly like”’). Upon completion, participants received six scores, one for each
RIASEC type, with a score range of 0 to 40.

To ensure the realism and functionality of the self-developed online platform,
I invited seven academic researchers in the fields of organizational behavior, strategy,
marketing, and information systems to go through the platform, and modify it based
on their feedback and suggestions.

Career Assessment Report & Manipulations

A career assessment report includes the assessment results, manipulation
information based on their assigned conditions, and a list of recommended jobs
(Figure 3b-d). Accuracy was manifested in terms of the assessment results and job
recommendations, and disclosure was manipulated in terms of the text paragraphs
displayed after viewing assessment results and before viewing recommended jobs.

On the assessment result page, participants viewed a bar chart visualizing their
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career assessment scores and brief descriptions of the six dimensions. Each
participant’s six RIASEC scores were summed from their responses and ranked to
create a two-letter vocational interest profile, with the first letter indicating their
highest-scoring dimensions. Recommended jobs were drawn systematically from the
O*NET 28.0 database (see Appendix 1), using the relevant interest profile to select
representative occupations corresponding to the highest-rated dimensions.

In the high accuracy condition, the two-letter vocational interest profile
reflected participants’ actual responses to the assessment test without any deviations.
For example, a participant scoring highest in the Social (S) and Enterprising
dimensions (E) and lowest in the Realistic (R) and Investigative dimensions (I) would
receive scores that accurately represented their true assessment results (i.e., high in
SE, low in RI). The participant would then be recommended representative jobs in the
SE category, such as “Recreation Workers”.

In contrast, in the Jow accuracy condition, prior to ranking and profile
creation, the two highest-scoring and two lowest-scoring dimensions were
intentionally swapped. Scores of the four middle-scoring dimensions were left
unchanged. For instance, a participant scoring highest in SE and lowest in RI will be
told they scored highest in RI and lowest in SE instead, which deviates from their
earlier responses to the assessment test. The swapped ranking was used both for
generating the bar chart visualization and for identifying the job recommendations.
The participant would then be recommended representative jobs in the RI category,
such as “Automotive Engineer”. Notably, participants did not receive any explicit
indication that the swapped rankings and vocational interest profile differed from their
actual responses in the assessment test. This swapping process was conducted

automatically by the experimental platform immediately after the assessment test was
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completed and prior to the display of test results. All participants viewed only the
manipulated scores and recommendations without access to raw item-level responses.

Al information disclosure will be manipulated as the existence of additional
text paragraphs between assessment results and job recommendations (see Appendix
2). In the disclosure condition, participants will receive information about how the Al
career advisor came up with the job recommendations before they view the four
recommended jobs. In the no disclosure condition, participants will only view the four
recommended jobs from the Al career advisor without receiving additional
information.

Measures

All items were rated on a seven-point Likert scale (1 = strongly disagree, 7 =
strongly agree).

Al Trustworthiness in terms of ability, benevolence, and integrity were each
assessed with three items adapted from Mayer and Davis (1999) and McKnight
(2002). Sample items include “The Al career advisor is very capable of providing
career assessment and advice” for ability (o = .89), “I believe that the Al career
advisor will act in my best interest” for benevolence (a = .93), and “The Al career
advisor is sincere and genuine” for integrity (o =.77). In addition, I measured overall
Al trustworthiness with three items from Pitardi and Marriott (2021). A sample item
is “I feel that the Al career advisor is trustworthy” (a0 = .92).

Trust in AI was measured with two self-generated items, “Overall, I trust the
Al career advisor” and “I trust the jobs recommended by the Al career advisor” (o
=.94).

In this study, I operationalized frust behavior as whether participants chose the

jobs recommended by the Al career advisor. This binary variable was coded as one if
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participants chose so, and coded as zero if participants chose jobs that were not
specifically recommended by the Al career advisor.

I operationalize trust appropriateness as the accuracy of choice. This binary
variable was coded as one if participants chose the job reflecting their true vocational
interests and coded as zero if not. In the two High-Accuracy conditions, the values of
trust behaviors and trust appropriateness are equal.

Future trust intentions are measured in two terms — willingness to act on Al’s
job recommendations (e.g., “l would not hesitate to apply to the jobs the Al career
advisor recommended to me”; a = .87) and willingness to give information to the Al
career advisor in a follow-up session (e.g., “If there is a follow-up career advice
session, [ will be willing to provide my resume to the Al career advisor”; o = .78),
each with two items adapted from McKnight et al. (2002).

In addition, I measured participants’ age and gender (male = 0, female = 1). I
also measured familiarity with Al and propensity to trust, as they were found by prior
research to associate with our focal variables. Familiarity with Al was measured with
five items developed by Yu et al. (2024). A sample item is “I have experience with
ATI” (o = .81). Propensity to trust was measured with four items (M. K. Lee & Turban,
2001; Xiang et al., 2022). A sample item is “It is easy for me to trust a person/thing”
(a=.93).

Results
Descriptive Statistics

Table 3 presents the descriptive statistics, reliabilities, and correlations of focal
variables. Perceived Al trustworthiness in terms of ability, benevolence, and integrity
were all positively related to trust in Al (Fapitiy = 73, Fbenevolence = 37, Fintegriy = .59; all p

< .001), Wllllngness to fOHOW (rability = .58, Vbenevolence = .35, Vintegrity = .49, allp < .001),
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and willingness to give information (Fupitiy = .44, Fbenevolence = .22, Fintegriny = .38, all p
<.001). Only ability (= .18, p =.002) and integrity (» = .15, p = .008) were
positively associated with choice accuracy. Perceived Al trustworthiness was not
significantly related to choice of Al recommendation. Trust attitude is positively
correlated with all outcome variables, including choice of Al recommendation (»
= .13, p =.023), choice accuracy (» = .21, p <.001), willingness to follow (» = .73, p
<.001) and willingness to give information (» = .53, p <.001). Choice accuracy was
positively related to subsequent willingness to follow (» =.17, p =.002) and
willingness to give information (» = .14, p = .015), while choice of Al
recommendation had no significant relationship with the two.
Confirmatory Factor Analysis

I conducted confirmatory factor analysis (CFA) in R (version 4.0.3, R Core
Team, 2020) using the lavaan package (v.0.6.7) to verify our measurement model.
Chi-square difference tests indicated that the six-factor model (i.e., three
trustworthiness dimensions, trust in Al, willingness to follow, and willingness to give
information) demonstrated a better fit to the data (y°7s5) = 140.07, RMSEA = .05, CFI
= .98, TLI = .97, SRMR = .04) than several alternative models, showing the
discriminant validity of the focal variables (see Table 2). All items loaded
significantly and strongly on their intended factors (standardized loadings ranges
from .70 to .95; see Appendix 3 Table Al). Inter-factor correlations ranged from .23
to .84, with several correlations exceeding .70°, suggesting moderate to high shared
variance between some constructs (see Appendix 3 Table A2).

To further examine the discriminant validity of key constructs, I used the

? Inter-factor correlation is .837 between perceived ability and integrity; .798 between perceived ability
and trust in Al; and .808 between trust in Al and willingness to follow.
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Fornell-Larcker criterion to compare the Average Variance Extracted (AVE) values
for each factor to their squared correlations with other factors. Under this criterion,
perceived integrity (AVE = .53) suffers from insufficient discriminant validity, as its
AVE was lower than its squared correlation with perceived ability. Discriminant
validity was supported for all other variables. The full matrix of inter-factor
correlations and AVE is presented in Appendix 3.

Manipulation Check

To test the effectiveness of the manipulations of Al information disclosure and
Al information accuracy, participants were asked to respond to four items for the
Accuracy manipulation and three items for the Disclosure manipulation on a seven-
point Likert scale (1 = strongly disagree, 7 = strongly agree). Sample items include
“The job recommendations I received were accurate” for perceived Al information
accuracy (a = .92) and “I received information from the Al career advisor about its
underlying operating rules and inner logic” for perceived Al information disclosure (a
=.83).

Results of independent samples t-test showed support for the effectiveness of
both manipulations. Participants in the Disclosure condition perceived more Al
information being disclosed (Muis = 4.77, SD = 1.16) than those in the No Disclosure
condition (Myis = 4.50, SD = 1.32), albeit the mean difference did not reach statistical
significance (#3713 = 1.93, p = .054). Participants in the High Accuracy conditions
perceived a significantly higher level of Al information accuracy (Mhighace = 4.77, SD
= 1.27) than those in the Low Accuracy conditions (Miowace = 3.66, SD = 1.41; t313) =
7.35, p<.001).

Analytic Strategy
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I conduct all hypothesis test analyses in SPSS (version 29.0.2.0). H1 and H2
were tested with independent samples t-test. H3 was tested with the two-way Analysis
of Variance (ANOVA). H4 and HS were tested using linear regression analyses, while
H6 and H7 were tested with binary logistic regression analyses. Finally, H5 was
tested using SPSS PROCESS Macro (Hayes, 2012).

Hypothesis Tests

Regarding Hypothesis 1, Al information disclosure did not show a significant
effect on perceived Al trustworthiness in terms of ability (AM = .10, #3:3) = .68, p
=.500), benevolence (AM = .00, ¢33 = .02, p = .988), integrity (AM = .10, 1313 = .94,
p = .346). These results support the alternative of Hypothesis 1, suggesting that
information disclosure does not significantly relate to perceived trustworthiness.

Supporting Hypothesis 2a and 2c, participants in the High Accuracy condition
perceived Al career advisor to possess higher ability (AM = .57, t;313 =4.17, p <.001)
and integrity (AM = .48, 1313 = 4.50, p <.001) than those in the Low Accuracy
condition. However, the effect of Accuracy on benevolence (AM = .29, t;313 =191, p
=.056) did not reach statistical significance.

Hypothesis 3 did not receive support, as the interaction between Al
information disclosure and accuracy was not significant in affecting perceptions of Al
ability (Fy1, 311 = 1.19, p = .277, partial > = .004), benevolence (F;, 311 = 0.55, p
=460, partial * = .002), and integrity (F(s, 311 = 0.42, p = .518, partial *> = .001).
Although the descriptive means suggested that disclosure slightly reduced the gap
between High Accuracy and Low Accuracy conditions across all three trustworthiness
dimensions, these differences were not statistically significant.

Results of linear regression analyses indicated that perceived Al

trustworthiness in ability (B = .75, SE = .06, p <.001) and benevolence (B = .13, SE
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= .05, p = .004) displayed significant and independent effects on trust in Al, whearas
the effect of integrity did not reach statistical significance (B = .15, SE = .08, p
=.080). The three trustworthiness beliefs together explained 56.4 percent of the
variance in trust in Al. Pairwise comparisons of the regression coefficients further
indicated that the effect of ability was significantly larger than the effect of both
benevolence (¢ = 7.94, p <.001) and integrity (z = 6.00, p <.001). H4 is thus generally
supported.

The mediating effect of Al trustworthiness was tested using the SPSS
PROCESS macro with 5,000 iterations. Results revealed that, among the three Al
trustworthiness dimensions, only perceived ability mediated the effect of Al
information accuracy on trust in Al (indirect effect = .41, SE = .11, CI =] .22, .63]).
No mediating effect was observed for the relationship between Al information
disclosure and trust in Al. Thus, HS5 is partially supported.

Binary logistic regressions showed that trust in Al had a significant and
positive effect on predicting trust behavior (B = .19, Wald statistic = 5.29, Odds Ratio
= 1.21) and trust appropriateness (B = .31, Wald statistic = 14.35, Odds Ratio = 1.37).
With a one-unit increase in participants’ trust in Al, the odds of participants choosing
an Al-recommended job rather than a non-Al-recommended job will increase by 1.21
times, and the odds of participants displaying appropriate trust rather than over- or
under-trust will increase by 1.37 times. These results provide support for H6 and H7.

Finally, H8 and H9 were supported, as trust in Al is significantly and
positively related to participants’ willingness to follow AI’s job recommendations (B
=.71, SE = .04, p <.001) as well as give information to the Al career advisor in a
subsequent session (B = .51, SE = .05, p <.001).

The results are summarized in Figure 4.
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Supplementary Analysis

In addition to the hypothesized relationships argued above, I conducted
several exploratory analyses, which uncovered interesting insights.

Additional Metrics of Viewing Behavior. The use of a self-developed and
self-hosted website enabled us to track participants’ viewing behaviors when they
were going through the career assessment session. Specifically, I tracked participants’
time spent on viewing (a) the career assessment results, (b) disclosed information (for
those in the Disclosure conditions), (c) the job recommendation page, and (d) each of
the recommended jobs. On average, participants in the Disclosure conditions spent
1.17 minutes viewing the manipulation paragraph, and spent more time viewing Al-
recommended jobs (AM = 35.68s, t313) = 1.81, p = .071) than those in the No
Disclosure conditions. Independent samples t-tests showed that participants who
received accurate information from Al spent significantly more time viewing Al-
recommended jobs (AM = 47.77s, t313) = 2.44, p = .015), while spending less time
viewing non-Al-recommended jobs (AM = 21.25s, 313 = 1.95, p = .053) than their
counterparts.

Mediation Effects of Perceived Trustworthiness and Trust in Al. Building
upon HS5, I conducted Structural Equation Modeling (SEM) analyses to explore
whether perceived trustworthiness and trust in Al sequentially mediated the effect of
disclosure and accuracy on key outcomes. The theorized model (see Figure 1) showed
good fit to the data (y?149 = 32.58, RMSEA = .07, CFI= .98, TLI = .95, SRMR = .04).
Results indicated that Al information accuracy had a significantly indirect effect on
(a) willingness to follow AI’s recommendations (f =0.11, p <.001) and (b)

willingness to give information to the Al (# = 0.08, p <.001), manifesting through
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perceived ability and trust in Al sequentially. The summary of the SEM model is
presented in Appendix 4.

Moderating Effect of Individual Characteristics. I explore the potential
moderating role of four variables representing individual demographics (age, gender),
traits (propensity to trust), and expertise (familiarity with Al), as these have been
proposed by previous models (Venkatesh et al., 2003) to be potential moderators
affecting technology acceptance and trust formation. I conducted the moderating
analyses using two-way ANOVA and SPSS PROCESS Macro. Results suggested
moderating effects of gender and familiarity with Al The plots of estimated marginal
means are provided in Appendix 5.

Gender. Interestingly, the effect of Al information disclosure was significantly
positive for males and negative for females (yet non-significant) in forming ability
beliefs (F1,3100=7.07, p =.008) and willingness to give information (£;3:09) = 8.26, p
=.004). On the other hand, the effect of Al information accuracy was positive for both
genders, but more positive for females than for males in forming ability beliefs
(Fr1,310 = 6.55, p =.011), integrity beliefs (F(1,3109) = 4.06, p =.045), and trust in Al
(Fr1,3100=6.91, p = .009). The conditional effects for females were all positive and
significant, while positive yet non-significant for males.

Familiarity with Al The effect of Al information accuracy on willingness to
follow Al recommendations (F(;,3109) = 2.94, p = .08) and willingness to give
information (Fz,310) = 7.35, p = .007) were both positive when participants had
average or higher familiarity with Al but not significant when participants had lower
familiarity with AL

Discussion
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This study provides a primary test of two facets theorized in the framework of
Al transparency — Al information disclosure and Al information accuracy, unpacking
their effects in forming trustworthiness beliefs, trust attitude, and subsequent
behavioral responses to the task at hand or to future possible interactions. In the
context of career assessment and recommendation, the experimental results showed a
significant and positive impact of Al information accuracy on trustworthiness
perceptions, while a very limited impact on Al information disclosure.

It appeared that mere disclosure of information about the inner logic and
operating rules of Al did not help generate more favorable trust-related responses in
users. Although contrary to common thoughts, this finding is consistent with some of
the prior research findings on Al transparency (Bayer et al., 2021; Leichtmann et al.,
2023). One possible reason may be that participants were exposed to a large amount
of information during the career assessment session, which makes it challenging for
participants to distinguish the manipulated information and other information
provided during the task. For example, in addition to the manipulated information
about how the Al career advisor works that was displayed on a separate page,
participants were also exposed to an explanation of each vocational interest
dimension, a one-sentence description of each recommended job, and an introduction
to the chosen job after they made the job choice. Such information, although not
intentionally designed to be part of the manipulation, may still be processed by
participants as information disclosed by Al. This issue will also appear in real-life
scenarios, raising a need for future research to explore ways to distinguish the
disclosed information from other information and make it salient to Al users.

Supporting our hypotheses, the accuracy of Al information was steadily

helpful in cultivating trustworthiness perceptions and trust in Al, which in turn led to
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more adoption of Al recommendations, higher choice accuracy, and higher intentions
to interact with Al post-task. Such an effect did not vary depending on the Disclosure
manipulation. In addition, ability belief was found to be the only mediator transferring
the effect of accuracy to trust in Al. The important role of accuracy echoes with prior
research that placed a higher emphasis on AI’s capability (e.g., Mcknight et al., 2011).
One of the hypotheses (H7) centers around the concepts of appropriate trust, overtrust,
and undertrust. Our study results showed a moderately positive correlation between
accuracy manipulations and accuracy of job choice (» = .43, p <.001). A further look
at the crosstab analysis revealed that, descriptively, 85 out of the 315 participants fell
into the overtrust category, and 69 out of the 315 participants fell into the undertrust
category. This gives rise to an interesting future research direction regarding how
overtrust and undertrust can be mitigated.

It is also worth noting that the results of supplementary analyses hinted at the
role of individual characteristics as a contingent factor for Al information disclosure
and accuracy to manifest their effects. Primary results suggested that Al information
disclosure may work better for males, while Al information accuracy may work better
with females. Interestingly, people with more experience and expertise with Al
reacted more favorably to manipulations of information disclosure and information
accuracy. One reason may be that their familiarity with Al enables them to identify
and appreciate the functional value of the disclosed information and accurate
information. It might also be because people more familiar with Al will weigh
information quality more heavily than those who are less familiar with Al. These

patterns indicate some research questions for further research to explore.
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Tables and Figures

Table 1. Summary of Essay 1 articles on Al transparency & trust in Al

Source Variable Description Transparency-Related Facets Type of Al
Disclosure Accuracy Clarity Personalization Others
Glikson & Woolley (2020)  Transparency The level to which the underlying operating rules and inner logics N N General
of the technology are apparent to the users (p.631)
DeFreitas et al. (2023) Transparency The degree to which the internal mechanics of a system are v \ General
observable and understandable by humans (p.1847)
Mohlmannn et al. (2023) Algorithmic The ease of platform workers (as in their perceptions) to observe v Algorithm
transparency how the input data and inner workings of the algorithm affect management
algorithmic outputs.
Algorithmic The difficulty of platform workers (as in their perceptions) to v
opacity observe how the input data and inner workings of the algorithm
affect algorithmic outputs
Alam & Mueller (2021) Explanation Explanation about AI’s prediction and diagnosis (global: in v Content Al diagnosis
general vs local: for specific cases) chatbot
Angerschmid et al. (2022) Explanation Whether explanations are provided, and whether they are based Content  Health insurance
on examples or important features decision-making
Ashoori & Weisz (2019) Interpretability The extent to which the process by which the model arrived at a v \ ADSS
recommendation can be examined and understood
Confidence score Whether the confidence a model has in its recommendation is v
visible
Bayer et al. (2021) Explanation Provision of justifications for AI’s suggestions Content ~ ADSS
Bigras et al. (2018) Information The amount of information provided to assist decision-making v Richness RA
richness
Chanda et al. (2023) XAI Provision of explanations that close the interpretation gap and can v \ Al medical
be easily interpreted diagnosis
Display of XAI XATI’s communicated confidence v \
confidence
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Source Variable Description Transparency-Related Facets Type of Al
Disclosure Accuracy Clarity Personalization Others
Elofson (2001) Intelligent agent- Provision of the decision heuristics of the intelligent agent v 1A
generated decision
heuristics
Gobel et al, (2022) Explanation Provision of explanations about why a suggestion is made v ADSS
Information The extent to which why a suggestion is made is uncertain
uncertainty
Credibility The extent to which the information provided is credible \
Kim et al. (2021) Accuracy of Provision of information about the accuracy rate of the Al system v \ RA
information
Preciseness of Provision of the preciseness of the accuracy rate v Precise-
information ness
Kyung & Kwon (2022) Al transparency Provision of explanations about how Al generates the v Health
recommendation intervention
Leichtmann et al. (2023) Explanation Provision of visual explanations about AI’s decisions to users v ADSS
Educational Provision of information that educates users to better comprehend v \
intervention Al technology, such as how AI works
Liu (2021) Real transparency Provision of the rationales for Al-made decisions Al for fake news
. - detection
Placebic Provision of statements that are tautological to the Al-made v Placebo
transparency decision without actual explanations
Lundberg et al. (2022) Explanation Explanations based on visuals or rules v Content  Al-based in-
o . . . vehicle intrusion
Interpretability Whether the AI model’s mapping from input to output is sard to \ detection
understand
Min et al. (2021) Perceived The extent to which the information delivered to the receivers is S Al chatbot
Personalization personalized according to their unique preferences
Nakashima et al. (2022) Explanation Provision of explanations that clarify the mental models behind v Al finance advisor
artifacts the analytical model
Nasirian et al. (2017) Information quality ~ Perceived quality of the provided information Quality Al voice assistant

system
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Source Variable Description Transparency-Related Facets Type of Al
Disclosure Clarity Others
Ribes et al. (2021) Transparent Provision of understandable justifications for algorithm outputs v v Al news content
AI/XAI aggregator
Detail of Level of details provided in the explanation v Richness
explanation
Sassmannshausen et al. Perceived Provision of explanations to help users understand the Al’s v \ RA
(2021) comprehensibility decision
Schmidt et al. (2020) Explanation Provision of explanation of AI’s prediction (by highlighting v ML-based DSS
decisive words in the texts)
Confidence score Provision of a score on the tool’s classification confidence
Selten et al. (2023) XAI Provision of understanding to non-technical audiences by v \ ADSS
answering the why-question
Shi et al. (2021 Perceived The extent to which an Al-based recommendation system RA
personalization understands and represents users’ personal interests
Shin (2021) XAI Machine learning and AI technologies that can offer human- v \ Al news
understandable justifications for their output or procedures recommendation
(Gunning et al., 2019)
Explainability The ability to explain ~ow an algorithm works in order to v
understand how and why it has delivered particular outcomes
Causality The extent to which an explanation of a statement to a user v \ Causality
achieves a specified level of causal understanding with
effectiveness, efficiency, and satisfaction
Suen & Hung (2023) Transparency Same as Glikson & Woolley’s (2020) definition v \ Al-based video
job interviews
Tuncer et al. (2022) Interpretability Whether it is possible for users to examine and comprehend the v \ ADSS
interaction by which the model achieves the suggestion
Confidence score The degree of confidence of the model v
Woodcock et al. (2021) Explanation Provision of the causal history of an event; an explainer explains \ Al medical
something to generate understanding in a recipient chatbot
Wu et al. (2022) Customization The extent to which product recommendations are based on 1A

customer preferences and demands
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Source Variable Description Transparency-Related Facets Type of Al
Disclosure Accuracy Clarity Personalization Others
Xiang et al. (2022) Explanation Al’s detection criteria (e.g., based on the textual features of v Al-based spam
reviews or the behavioral features of reviewers) detection tool
Xu et al. (2022) Explanation Provision of explanations of the potential benefits and costs of v Al in HRM
accepting the system
Yang et al. (2020) Explanation Provision of explanations of the machine learning classification v Content ~ ADSS
based on examples
Yokoi et al. (2021) Perceived Neglection of one’s unique characteristics and symptoms in AI’s < Al medical
uniqueness decision-making diagnosis
neglected
Yu & Li (2022) Transparency The degree to which humans understand the inner workings or \ Al task
logic of a technology assignment in
.. . . L. . organizations
Al decision-making  The degree to which an Al system releases objective information v
Transparency about its working mode
Perceived The availability of subjectively perceived information v
transparency
Zhang et al. (2020) Explanation Explanations of contributing attributes to the model’s prediction v ADSS
Confidence score Confidence level of the model \ ADSS
Zhou et al. (2019) Explanation Presentation of influence of training data points to the model v ML

Notes. XAl refers to explainable Al; ADSS refers to Al-based decision support systems; RA refers to recommendation agents; IA refers to intelligent agents.
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Table 2. Results of confirmatory factor analysis

Model x2 af  p(x2) x2/df  CFI TLI  RMSEA  RMSEA 90%CI  p- RMSEA<0.05  SRMR
Six-factor model 140.07 75 .00 1.87 981 974 .052 [.039,.066] .365 .036
Three-factor model 930.55 87 .00 10.70 755 704 175 [.165,.186] .000 113
Two-factor model 1163.60 89 .00 13.07 .688 .632 .196 [.186,.206] .000 118
One-factor model 1304.61 90 .00 14.50 .647 .588 207 [.197,.217] .000 126

Note. In the six-factor model, three Trustworthiness variables, Trust in Al, Willingness to Follow, and
Willingness to Give Information were each loaded on one factor. In the three-factor model, three
Trustworthiness variables, Trust in Al, and the two Outcomes were each loaded on one factor. In the two-factor
model, three Trustworthiness variables and Trust in AI were loaded on one factor, and the two Outcomes were
loaded on another factor. In the one-factor model, all six variables were loaded on one factor.
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Table 3. Means, standard deviations, reliabilities and correlations among variables

Variables M SD 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
1 Accuracy Dummy 0.51 050 7/

2 Disclosure Dummy 0.50 0.50 .03 /

3 Perceived Accuracy 423 145 38" .04

4 Perceived Disclosure 463 125 177 11 46"

5 Ability Beliefs 468 125 23" 04 60" 457 (92

6  Benevolence Beliefs 397 134 .11 00 .16 26" 317 (89)

7 Integrity Beliefs 500 098 2577 05 46T 37T 077 437 (93)

8 Trust in Al 412 148 29" 00 .69 42" 73"t 37 59" (77)

9  Choice of Al Recommendation 0.71 046 34" -01 13" .02 .06 -05 .07 A3/

10 Choice Accuracy 0.66 048 43" 03 31" .071 1801 A5 227 13t )

11 Willingness to Follow 334 144 177 01 61" 36 .58 35M 49" 737 07 A7 (87)

12 Willingness to Give Information 4.02 142 13" 02427 277 447 22" 39" 53710 145 56" (178)

13 Age 222 158 -.07 .00 -.02 -.07 -.02 -.06 -.04 -.05 -03 -01 .03 .01 /

14 Gender 0.62 049 .03 .03 .03 .01 .07 -.07 -.03 .05 10 05 .01 -.01 S50

15 Propensity to Trust 410 146 .01 05 157 -.02 .10 .08 .04 197 -08 .05 9719 .06 -09  (93)

16  Familiarity with Al 478 1.00 .07 -02  12° .08 .10 .07 A1 .10 .09 .03 .09 25" 13" 06 15" (81)

Note. N=315.""p <.001, “p < .01, "p < .05; two-tailed. Cronbach’s alphas were presented in parentheses on the diagonal. Accuracy Dummy and Disclosure Dummy refer
to dummies of accuracy and disclosure manipulations. For gender, male = 0, female = 1. Al refers to artificial intelligence; AICA refers to Al carecer assessment.
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Figure 1. Theoretical framework of Essay 2
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Figure 2. Study procedure

Pre-Session
* Consent form
* Briefing on the study procedure
* Survey on demographics & personalities

2V

Career Assessment & Feedback Session
* Career Assessment Test
* Career Assessment Report
(a) assessment results
(b) list of recommended jobs
(c) manipulation information
* Choice of arecommended job

a S

Post-Session
* Manipulation Check
* Survey on reasons for the job choice and trust in Al

career advisor

End of Study & Briefing
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Figure 3. Samples of the career assessment interface

Here are 60 questions about work activities that some people do on their jobs.

Read each question carefully and decide how you would feel about doing each type of work:
Strongly Dislike Unsure Like Strongly
Dislike Like
1. Build kitchen cabinets
2. Lay brick or tile
3. Develop a new medicine
4, Study ways to reduce water pollution
5. Write books or plays
6. Play a musical instrument
7. Teach an individual an exercise routine
8. Help people with personal or emotional problems
9. Buy and sell stocks and bonds
10. Manage a retail store
11. Develop a spreadsheet using computer software

12. Proofread records or forms

(a) Career Assessment Test

Here are some careers that fit your interests, which you might want to explore more.

| carefully review your unique career interest profile based on the six career interest dimensions, and
employ advanced matching algorithms to recommend jobs that are specifically tailored to your career
interests, skills, and personal preferences.

To achieve this, | use advanced techniques to read and understand both your profile and job
descriptions. This involves picking up on and categorizing important words, phrases, paragraph
structures, and overall themes and emotions. | then rate how well each job aligns with your vocational
interests across six different dimensions.

(c) Manipulation Information

Here are your vocational interest results:

III.I-
R 1 A s E c

Your vocational interest category is Investigative+Artistic

-~ you scored high on these two types of vocational interests.
Find out more about each vocational interest:

Realistic interests: refer that you like work that includes practical hands-on problems and answers.

Investigative interests: refer that you like work that has to do with ideas and thinking rather than physical activity or leading
people.

Artistic interests: refer that you like work that deals with the artistic side of things, such as acting, music, art, and design.
Social interests: refer that you like working with others to help them learn and grow, more than working with objects, machines,
or information.

interests: refer that you like work that has to do with starting up and carrying out business projects. These people
like taking action rather than thinking about things.

Conventional interests: refer that you like work that follows set procedures and routines. They prefer working with information
and paying attention to details rather than working with ideas.

(b) Career Assessment Results

Here are some careers that fit your interests, which you might want to explore more.

[2) The two jobs with an icon are recommended by Al career advisor.

Due to the time limit for this career assessment session, you can only choose one of the recommended job
below that you would like to learn more about (e.g., work activities, required knowledge, skills and abilities).

Recommendations What they do

&= Multimedia Producer Oversees the planning and ion of multimedi

]

aspects from creative vision to final content delivery. Coordinates with
production staff, creative professionals, and vendors to ensure seamless
]

project ion and timely .
Designer

managing all

(d) Job Recommendations & Choice
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Figure 4. Summary of hypothesis test results

Al Trustworthi
Al Trustworthiness Choice of Al

H5b (accuracy) Recommendation
effect = .41
95% CI[.22, .63

Al Information
Disclosure

Choice Accuracy l

Trust in AI
Willingness to Follow ‘
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Note. N=315.""p <.001, "p < .01, p < .05, Tp < .10; two-tailed. Only significant results were
present.

135



Appendices
Appendix 1. Generation of job recommendations

Each participant will have their six-letter vocational interest profile (e.g.,
SEIRAC) upon completion of the career assessment test. The order of the six letters
represents the relative ranking of six vocational interest dimensions such that the first
letter represents the highest-scored interest dimension (e.g., S for social) and the last
letter represents the lowest-scored interest dimension (e.g., C for conventional).

To create a list of recommended jobs for participants, I select jobs that are
representative of each vocational interest profile from the O*Net 28.0 database. The
database provides information about 874 occupations and their corresponding
occupation codes, interest codes, job zones, and ratings on each RIASEC dimension. |
only focus on jobs located in Job Zone 4 or 5, as these job zones require education
levels (i.e., bachelor’s degree, graduate school or above) that fit the target participants
of the study. This filter left us with a pool of 353 occupations.

Representative jobs for each vocational interest profile are identified based on

its interest codes and ratings on RIASEC dimensions in the O*Net database

(www.onetonline.org/find/descriptor/browse/1.B.1/). For example, “Automotive

Engineer” (www.onetonline.org/link/summary/17-2141.02) is identified as the

representative job for the [Realistic + Investigative (RI)] profile, as it scores 91/100
on the Realistic dimension and 71/100 on the Investigative dimension (see Figure

Al); “Recreation Workers” (www.onetonline.org/link/summary/39-9032.00) is

identified as the representative job for the [Social + Enterprising (SE)] profile, as it
scores 65 out of 100 on the Social dimension and 59 out of 100 on the Enterprising

dimension (see Figure A2).
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Figure Al. Interests scores of automotive engineer
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91 cEm— © Realistic — Work involves designing, building, or repairing of equipment, materials, or structures, engaging in physical
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activity, or working outdoors. Realistic occupations are often associated with engineering, mechanics and electronics,
construction, woodworking, transportation, machine operation, agriculture, animal services, physical or manual labor,
athletics, or protective services.

Investigative — Work involves studying and researching non-living objects, living organisms, disease or other forms of
impairment, or human behavior. Investigative occupations are often associated with physical, life, medical, or social
sciences, and can be found in the fields of humanities, mathematics/statistics, information technology, or health care
service.

Conventional — Work involves following procedures and regulations to organize information or data, typically in a
business setting. Conventional occupations are often associated with office work, accounting, mathematics/statistics,
information technology, finance, or human resources.

Artistic — Work involves creating original visual artwork, performances, written works, food, or music for a variety of
media, or applying artistic principles to the design of various objects and materials. Artistic occupations are often
associated with visual arts, applied arts and design, performing arts, music, creative writing, media, or culinary art.

Enterprising — Work involves managing, negotiating, marketing, or selling, typically in a business setting, or leading or
advising people in political and legal situations. Enterprising occupations are often associated with business initiatives,
sales, marketing/advertising, finance, management/administration, professional advising, public speaking, politics, or law.

Social — Work involves helping, teaching, advising, assisting, or providing service to others. Social occupations are often
associated with social, health care, personal service, teaching/education, or religious activities.

Figure A2. Interests scores of recreation worker
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Social — Work involves helping, teaching, advising, assisting, or providing service to others. Social occupations are often
associated with social, health care, personal service, teaching/education, or religious activities.

Enterprising — Work involves managing, negotiating, marketing, or selling, typically in a business setting, or leading or
advising people in political and legal situations. Enterprising occupations are often associated with business initiatives,
sales, marketing/advertising, finance, management/administration, professional advising, public speaking, politics, or law.

Realistic — Work involves designing, building, or repairing of equipment, materials, or structures, engaging in physical
activity, or working outdoors. Realistic occupations are often associated with engineering, mechanics and electronics,
construction, woodworking, transportation, machine operation, agriculture, animal services, physical or manual labor,
athletics, or protective services.

Conventional — Work involves following procedures and regulations to organize information or data, typically in a
business setting. Conventional occupations are often associated with office work, accounting, mathematics/statistics,
information technology, finance, or human resources.

Artistic — Work involves creating original visual artwork, performances, written works, food, or music for a variety of
media, or applying artistic principles to the design of various objects and materials. Artistic occupations are often
associated with visual arts, applied arts and design, performing arts, music, creative writing, media, or culinary art.

Investigative — Work involves studying and researching non-living objects, living organisms, disease or other forms of
impairment, or human behavior. Investigative occupations are often associated with physical, life, medical, or social
sciences, and can be found in the fields of humanities, mathematics/statistics, information technology, or health care
service.
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Appendix 2. Manipulation for Al information disclosure

I carefully examine your career assessment results and match them with the career
interest profiles in my job database to find out the most suitable jobs for you.
Specifically, advanced natural language processing techniques are employed to
identify key elements (words, phrases, paragraph structures), classify them into
distinct categories, and analyze the underlying themes and sentiments conveyed in
your interests and job descriptions. The matching algorithm, driven by this
sophisticated analysis, assigns weights to each of the six vocational interest

dimensions.
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Appendix 3. Detailed results of the CFA: Essay 2

Table Al. Standardized factor loadings: Essay 2

Factor Item Standardized loading
Perceived ability Al 0.87

A2 0.86

A3 0.85
Perceived benevolence Bl 0.87

B2 0.90

B3 0.92
Perceived integrity Il 0.76

12 0.73

I3 0.70
Trust in Al Tl 0.93

T2 0.95
Willingness to follow WF1 0.84

WF2 0.92
Willingness to give information WG1 0.84
WG2 0.76
Table A2. Inter-factor correlations: Essay 2

1 2 3 4 5 6
1.Perceived ability 1.00
2.Perceived benevolence 0.34 1.00
3.Perceived integrity 0.84 0.50 1.00
4.Trust in Al 0.80 0.39 0.69 1.00
5. Willingness to follow 0.65 0.40 0.60 0.81 1.00
6. Willingness to give information 0.53 0.23 0.50 0.62 0.67 1.00

Table A3. Squared correlations and average variance extracted: Essay 2

AVE 1 2 3 4 5 6
1.Perceived ability 0.74 1.00
2.Perceived benevolence 0.81 0.11 1.00
3.Perceived integrity 0.53 0.70 0.25 1.00
4.Trust in Al 0.89 0.64 0.15 0.48 1.00
5. Willingness to follow 0.78 0.43 0.16 0.36 0.65 1.00
6. Willingness to give information ~ 0.65 0.28 0.05 0.25 0.38 0.45 1.00
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Appendix 4. Summary of structural equation modeling results: Essay 2

Figure A3. Summary of SEM model: Essay 2

Choice of Al
H6-9 .
Hla-c Hda-c Recommendation
=.03
; p=.03 y
Al Information
Disclosure b, o B=.10 Choice Accuracy I
/J;\
R
/ Willingness to Follow |
Al Information
Accuracy

Willingness to Give
Information

Note. N = 315. B = standardized estimated coefficient. ““*p <.001, “p < .01, "p <.05, p <.10; two-

tailed. 19 = 32.58, RMSEA = .07, CFI = .98, TLI = .95, SRMR = .04).

Table A3. Summary of indirect effects: Essay 2

Indirect effect B SE p
Accuracy -> Ability -> Trust in Al -> Willingness to follow 0.11  0.08 0.000
Accuracy -> Ability -> Trust in Al -> Willingness to give information 0.13  0.09 0.000

Note. N = 315. = standardized estimated coefficient. Only significant paths are presented.
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Appendix 5. Plots of moderating effects

Figure A4. Moderating effects of gender and familiarity with Al
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(b) Moderating effect of familiarity with Al
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Essay 3: Role of AI Information Clarity and Personalization in Facilitating Trust
in Al

Essay 2 illustrated the theoretical relationships between two content-related
transparency facets (i.e., accuracy and disclosure) and trust-related outcomes,
including trustworthiness, trust attitude, as well as adoption intentions and behaviors.
Essay 3 extends the investigation of the multifaceted typology of Al transparency by
examining whether clarity and personalization of Al-provided information play a role
in shaping trust formation. I continue to draw on the framework of Organizational
Transparency (Schnackenberg et al., 2021; Schnackenberg & Tomlinson, 2016) and
Mayer et al.’s (1995) framework of trustworthiness to theorize how Al information
clarity and Al information personalization relate to trust outcomes.

Hypothesis Development

Al Information Clarity and Perceived Trustworthiness

Early decision-making literature has pointed out that the choice of language in
explaining a decision conveys important symbolic signals about the decision maker.
Notably, the clarity and comprehensibility of the language used may serve as
symbolic evidence of the decision maker’s competence and motivation to
communicate the decision-making process (Elsbach & Elofson, 2000). When Al
presents information in a way that is easily understood by users, it demonstrates its
capacity to carefully package and tailor content for effortless comprehension, even by
users with limited technical expertise. This highlights the AI’s ability to communicate
effectively (Schnackenberg & Tomlinson, 2016). Besides, clear information helps the
users to navigate through the information processing stages, such as processing,
storing, and retrieving information (Xie & Derakhshan, 2021). This lifts up their

understanding of AI’s functionality and reinforces perceptions of Al’s reliability
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(Tuncer & Ramirez, 2022). On the contrary, hard-to-understand information, such as
that phrased in professional jargon, was found to lower the perceived believability and
logicality of the information giver.

Additionally, the voluntary provision of clear and lucid information by Al
reduces the ambiguity regarding its intentions, signaling that it is considerate of users’
perspectives when generating such information. The use of obscure or overly complex
wordings may raise confusion and suspicion of whether Al deliberately confuses
users to make it difficult to refute its decision (Elsbach & Elofson, 2000) or to achieve
purposes that may be detrimental to users’ interests. Therefore, information clarity
contributes to the perception of benevolence. Similarly, it contributes to the
perception of integrity by showcasing AI’s honesty and potential adherence to ethical
principles.

Given this, I propose the following hypothesis:

Hypothesis 1. Al information clarity increases perceived Al

trustworthiness in terms of (a) ability, (b) benevolence, and (c) integrity.

Al Information Personalization and Perceived Trustworthiness

Personalization refers to situations where Al-provided information takes users’
personal interests, preferences, needs and demands, or unique characteristics into
consideration, or whether such information is incorporated into the decision-making
process (Komiak & Benbasat, 2006; Min et al., 2021; Shi et al., 2021; Wu et al.,
2022; Yokoi et al., 2021). With the prevalence of Al technologies, especially in the
form of recommendation agents (RAs), personalization has become an important
quality for users to evaluate Al-provided information.

Highly personalized Al is more likely to have the capability to deliver more

satisfactory output that aligns with users’ needs and preferences. This also
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underscores the system’s sophistication and signals the use of complex, nuanced
algorithms rather than oversimplified guidelines. As a result, users will attribute
higher ability to Al that provides more personalized information.

Furthermore, personalization inherently demonstrates care and consideration
of individual needs and preferences, fostering a sense of benevolence. Users may also
perceive that the Al utilizes a similar approach or mindset for ranking and weighing
relevant factors in the decision-making process. In doing so, Al is perceived as
operating on principles that users deem acceptable or even favorable, enhancing

perceptions of integrity. Thus, I propose the following hypothesis:

Hypothesis 2. Al information personalization increases perceived Al

trustworthiness in terms of (a) ability, (b) benevolence, and (c) integrity.

Interaction of Al Information Clarity and Personalization

In addition to the hypothesized main effects of Al information clarity and
personalization on perceived trustworthiness, I propose that Al information clarity
may help fully realize the benefit of personalization. By enhancing users’ ability to
interpret and understand how Al customizes its output for each user, it mitigates the

risks of being misinterpreted by the users. Thus, I hypothesize the following:

Hypothesis 3. Al information personalization interacts with clarity to
influence perceived Al trustworthiness in terms of (a) ability, (b)
benevolence, and (c) integrity, such that the effect of personalization is

more salient when Al information clarity is high rather than low.

Perceived Trustworthiness, Trust in Al, and Consequences
Building upon the theoretical arguments in Essay 2, users’ trustworthiness

beliefs about Al will shape their trust attitudes, which eventually influence their
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behavioral responses to both current and future tasks. This aligns with the Theory of
Planned Behavior (Ajzen, 1991), which posits that attitudes toward a specific entity,
which are formed based on certain beliefs, play a crucial role in shaping subsequent

behavioral intentions and actions.

Hypothesis 4. Perceived Al trustworthiness in terms of (a) ability, (b)
benevolence, and (c) integrity is positively related to trust in AI, with
perceived ability expected to have the strongest influence.

Hypothesis 5. Perceived Al trustworthiness mediated the effect of (a) Al

information clarity and (b) Al information personalization on trust in AL

Hypothesis 6. Trust in Al is positively related to trust behavior.
Hypothesis 7. Trust in Al is positively related to future trust intentions in
terms of willingness to follow Al recommendations and willingness to give

information.

The overall theoretical framework of Essay 3 is presented in Figure 1.
Methods and Results

Sample and Procedure

A 2 (high vs. low clarity) by 2 (high vs. low personalization) between-subject
online experiment was conducted to test the hypotheses. For this research design,
G*Power suggested a minimum sample size of 128 to detect a medium effect size (r
=.25) with 80% statistical power at a significance level of .05. I recruited 185
participants from Prolific, an online crowdsourcing platform, at an hourly rate of £9.
After excluding 17 responses that failed the attention check, 168 valid responses
(90.81%) were retained for data analysis.

To extend Essay 2’s investigation of Al transparency, I targeted participants

with similar demographic characteristics — undergraduate students majoring in
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business-related disciplines (i.e., accounting, business, economics, finance,
management, marketing) whose primary language was English. Compared to Essay 2,
however, the Prolific sample was more ethnically diverse, enabling examination of
the robustness of the findings across cultural contexts (40.5% Black or African
American, 38.1% Caucasian or White, 14.9% Asian, 3% Hispanic or Latino, and 6%
Others). Among the final sample of 168 participants, 45.8% of participants were
female, and 66.7% were looking for a job at the time of the study. They had a mean
age of 23.66 years (SD = 7.42) and an average of 3.45 years of internship or work
experience (SD = 5.38). No participants had missing data on the focal variables.

The overall study procedure was the same as in Essay 2. Registered
participants were randomly assigned to one of four experimental conditions and
participated in an Al-mediated career assessment session, during which they viewed
and chose among four recommended jobs. They also answered some questions about
their personal information as well as their feelings, attitudes, and behaviors. As
before, the platform had a built-in mouse-tracking function to track participants’
viewing behaviors. More information about the career assessment test and report can
be found in Essay 2.

Al information clarity and personalization were experimentally manipulated
using two text paragraphs presented sequentially between the page showing
assessment results and the page showing recommended jobs. First, participants read a
paragraph about whether the job recommendations were intended to be highly
personalized (i.e., specifically tailored to individual career interests, skills and
preferences) or less personalized (i.e., commonly available to the general population).
Next, they read a paragraph explaining how the Al career advisor generated the job

recommendations, phrased either in layman’s language (to increase perceived clarity)
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or technical jargon (to decrease perceived clarity), depending on their assigned
condition. Full examples of the manipulation texts are provided in Appendix 1.

Compared to Essay 2, where accuracy was manipulated more implicitly, I
used more explicit manipulations in Essay 3 by displaying paragraphs with different
wordings and styles. Given that clarity and personalization are less readily detected by
users and may be more peripheral in information processing, this approach was
intended to maximize the strength and salience of the manipulations.
Measures

Focal variables were measured with the same scales as in Essay 2. All items
were rated on a seven-point Likert scale (1 = strongly disagree, 7 = strongly agree).

As before, I measured participants’ age, gender (male = 0, female = 1),
familiarity with AI, and their propensity to trust. In Essay 3, I included additional
questions to capture participants’ Big Five personalities, Al literacy, Al use
frequency, as well as their familiarity with Al-mediated career assessment. Unless
other stated, scales were rated on a seven-point Likert scale (1 = strongly disagree, 7
= strongly agree).

Big Five personalities were measured with a 10-item scale (Gosling et al.,
2003), each trait measured with two items. Sample items included “sympathetic,
warm” for agreeableness (a = .29), “disorganized, careless (reverse-coded)” for
conscientiousness (a = .66), “extraverted, enthusiastic” for extraversion (a = .58),
“anxious, easily upset” for neuroticism (a = .62), and “open to new experiences,
complex” for openness to experience (o = .34). Due to the low reliability of
agreeableness and openness to experience measures, | only included them in the
correlational analysis but no other analyses.

Al literacy was measured with three items selected from the Al Literacy Scale
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developed by Wang et al. (2022). A sample item is “I can evaluate the capabilities and
limitations of an Al application or product after using it for a while” (a =.79).

Al use frequency was measured with a single item “How often do you use Al-
based tools in your daily life?”” on a seven-point Likert scale (1 = never, 7 = always)
(Reis et al., 2024).

Finally, familiarity with Al career assessment was measured with three items
adapted from Collins (2007). A sample item is “I am familiar with Al as a career
advisor” (1 = strongly disagree, 7 = strongly agree; o. = .83).

Results
Descriptive Statistics

Table 2 presents the descriptive statistics, reliabilities, and correlations of focal
variables. Manipulations of clarity and personalization were not significantly related
to perceived Al trustworthiness in terms of ability, benevolence, and integrity.
Nevertheless, perceived clarity and perceived personalization both had significant and
positive relationships with ability (Feiariy = .59, Fpersona = .67), benevolence (Feiariy
=.39, Fpersonal = .40,), and integrity (Veiariy = .57, Vpersonal = .62, all p < .001).

Consistent with my prediction, three Al trustworthiness dimensions were all
positively related to trust in Al (Fapitiey = .87, Frenevotence = .58, Fintegriny = .80; all p
<.001), willingness to follow (Fabitiy = .72, Fbenevotence = 41, Fintegriny = .65; all p < .001),
and willingness to give information (Fupitity = .46, Foenevolence = .32, Fintegriy = 41, all p
<.001). Perceived Al trustworthiness was not significantly associated with the choice
of Al recommendation.

Trust attitude was positively correlated with willingness to follow (= .78, p

<.001) and willingness to give information (» = .50, p <.001), but not with the choice

148



of Al recommendation (» =-.13, p > .05). Choice of Al recommendation also had no
significant relationship with the two future intentions.
Confirmatory Factor Analysis (CFA)

I conducted CFA in R (version 4.0.3, R Core Team, 2020) using the lavaan
package (v.0.6.7) to verify our measurement model. Chi-square difference tests
indicated that the six-factor model (i.c., three trustworthiness dimensions, trust in Al,
willingness to follow, and willingness to give information) demonstrated a better fit to
the data (y?(7s) = 171.94, RMSEA = .09, CFI = .96, TLI = .94, SRMR = .04) than
several alternative models, showing the discriminant validity of the focal variables
(see Table 1). All items loaded significantly and strongly on their intended factors
(standardized loadings ranges from .73 to 1.00; see Appendix 2 Table A1). However,
examination of the inter-factor correlations revealed potential overlap between
perceived ability, perceived integrity and trust in AI'?, suggesting potential issues in
discriminant validity despite good model fit.

Discriminant validity was evaluated using the Fornell-Larcker criterion, as
Average Variance Extracted (AVE) values for each factor were compared to the
squared inter-factor correlations. The AVEs for perceived ability (.70), perceived
integrity (.59) and trust in Al (.86) were lower than their squared correlation with each
other, indicating insufficient discriminant validity among these constructs.
Discriminant validity was supported for perceived benevolence, willingness to follow,
and willingness to give information. The full matrix of inter-factor correlations and
AVE is presented in Appendix 2.

Manipulation Check

19 Inter-factor correlation is .963 between perceived ability and integrity; .969 between perceived
ability and trust in Al; and .932 between perceived integrity and trust in AL
149



After the career assessment session, participants were instructed to recall the
information provided by the Al career advisor regarding its job recommendations. To
assess the effectiveness of the manipulations, participants responded to four items
measuring perceived information clarity and four items measuring perceived
information personalization on a 7-point Likert scale (1 = strongly disagree, 7 =
strongly agree). Sample items included “The explanations are easily understandable
for me, even if I have little technical knowledge” (perceived clarity, o = .81) and “The
Al career advisor understood and represented my personal interests” (perceived
personalization, o = .93).

Independent samples t-tests indicated that the manipulations did not produce
the expected effects. Participants perceived a higher level of information clarity when
the information was presented in technical jargon (M = 6.08, SD = 0.76) compared to
layman’s language (M = 6.01, SD = 0.81), although this difference did not reach
statistical significance (AM = .07, t65) = -.57, p = .572). Participants in the High
Personalization condition perceived a significantly higher level of Al information
personalization (M = 5.64, SD = 1.11) than those in the Low Personalization condition
(M =5.35, SD = 1.45), but this difference was also not significant (AM = .29, t.165) =
1.49, p = .139).

Given that participants’ perceptions might be influenced by their Al-related
knowledge and expertise, I conducted supplementary analyses controlling for Al use
frequency, Al literacy, familiarity with Al, and familiarity with Al career assessment.
When including these covariates, the effect of the two manipulations remained non-
significant (clarity: F;162) = 2.51, p = .115; personalization: F(; 162 = 2.97, p = .087).

These results suggest that, although the manipulations were intended to induce

differences in perceived clarity and personalization, participants’ subjective
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perceptions did not differ substantially across conditions. I discuss the implications of
these findings in the Discussion section.
Analytic Strategy

All hypotheses were tested using the same analytic procedures as in Essay 2.
Because the experimental manipulations were not effective, I conducted exploratory
hypothesis tests using perceived clarity and personalization as predictors. These
exploratory analyses are reported in the Supplementary Analysis section.

Hypothesis Tests

Consistent with the manipulation check results, our manipulations of Al
information clarity and personalization did not manifest, having no significant effects
on Al trustworthiness, failing to support H1 and H2. Patterns of means indicated
higher perceived ability (AM = .10, t;66) = .53, p = .597), benevolence (AM = .05, ¢:165)
=.22, p=.828), and integrity (AM = .10, t;165) = .63, p = .533) in the High Clarity
(layman language) than Low Clarity (technical jargon) condition.

H3 also did not receive support, as the interaction between Al information
clarity and personalization was not significant in influencing perceived Al ability (£,
169 = 1.15, p = .286, partial > = .007), benevolence (Fi, 169 = 2.78, p = .097, partial
n* = .017), or integrity (F1, 169 = 1.39, p = .241, partial > = .008).

Linear regression analyses revealed that only perceived Al ability (B =.77, SE
=.08, p <.001) and integrity (B = .37, SE = .10, p <.001) significantly influenced
trust in Al, supporting H4a and H4c. Surprisingly, perceived benevolence did not
have a significant impact on trust in Al (B =.07, SE = .05, p = .173), providing no
support for H4b. Pairwise comparisons of the regression coefficients further indicated
that the effect of ability was significantly larger than the effect of both benevolence (#

=7.42, p <.001) and integrity (= 3.12, p <.01). In addition, the effect of integrity is
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also significantly larger than that of benevolence (¢ = 2.68, p < .01). This provides
general support for H4.

HS5 did not receive any support, as there were no significant mediating effects
for the effects of Al information clarity and personalization on trust in Al

Regarding the consequences, trust in Al did not significantly influence choices
of Al recommendations (B = -.28, Wald statistic = 2.71, p =.100), but trust in Al is
significantly and positively related to participants’ willingness to follow AI’s job
recommendations (B = .84, SE = .05, p <.001) and give information to the Al career
advisor in future sessions (B = .55, SE = .07, p <.001). Thus, H7 was supported,
while H6 was not.

The results of the hypothesis tests are summarized in Figure 2.
Supplementary Analysis

Effects of Perceived Clarity and Personalization. As the manipulations did
not work as expected, I conducted a set of exploratory hypothesis tests with perceived
clarity and personalization as the independent variables. Linear regression analyses
showed that perceived clarity had positive and significant relationships with perceived
Al ability (B = .92, SE = .10), benevolence (B = .70, SE = .13), and integrity (B = .75,
SE = .08, all p <.001). Similarly, perceived personalization was positively and
significantly related to perceived Al ability (B = .63, SE = .05), benevolence (B = .44,
SE = .08), and integrity (B = .49, SE = .05, all p <.001). The interaction effect of
perceived clarity and perceived personalization on perceived Al trustworthiness was
not significant. Yet, perceived Al ability and integrity significantly mediated the
relationship between perceived clarity (ability: indirect effect = .68, se = .11, 95%CI
[.48, .92]; integrity: indirect effect = .26, se = .09, 95%CI [.07, .44]) and trust in AL

Similar patterns were observed for perceived personalization (ability: indirect effect
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= .33, se = .05, 95%CI [.24, .43]; integrity: indirect effect = .12, se = .05, 95%CI
[.02, .21]).

Mediation Effects of Perceived Trustworthiness and Trust in Al. Similar
to in Essay 2, I conducted SEM analyses to test two overall models, one with
manipulated clarity and personality as the independent variables (model 1), and
another model with perceived clarity and personality as the independent variables
(model 2). The two theorized model both showed good fit to the data (model 1: y?(17)
=22.12, RMSEA = .04, CFI= .99, TLI = .98, SRMR = .03; model 2: y*;) = 44.80,
RMSEA = 13, CFI = .96, TLI = .89, SRMR = .04). Results revealed a sequential
mediation effect of perceived clarity on (a) willingness to follow AI’s
recommendations (= 0.11, p =.007) and (b) willingness to give information to the
Al (5= 0.09, p = .013) through perceived ability. Similar paths work for perceived
personalization on (a) willingness to follow AIl’s recommendations (= 0.20, p
<.001) and (b) willingness to give information to the Al (8= 0.17, p =.002) through
perceived ability. Additionally, perceived personalization also influences willingness
to follow AI’s recommendations through perceived integrity (5= 0.06, p = .050). The
summary of the SEM model is presented in Appendix 3.

Additional Metrics of Viewing Behavior. As in Essay 2, I tracked
participants’ time spent on viewing (a) the career assessment results, (b) manipulation
information, (c) the job recommendation page, and (d) each of the recommended jobs.
Descriptively, participants in the Low Clarity condition on average spent longer time
than those in the High Clarity condition in viewing the manipulation paragraph
(Mjargon = 18.84 min, Miayman = 8.35 min) and viewing Al-recommended jobs (Mjargon
= 2.42 min, Miayman = 2.11 min), meanwhile spending less time in viewing non-Al-

recommended jobs (Mjargon = 0.79 min, Miaymaen = 1.38 min). Participants in the High
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Personalization condition on average spent longer time than those in the Low
Personalization condition in viewing the manipulation paragraph (Mhign » = 19.13 min,
Miow p ="7.79 min) and viewing non-Al-recommended jobs (Mhigh , = 1.15 min, Mjoy p
= 1.02 min), while spending less time in viewing Al-recommended jobs (Mpigh p =
2.20 min, Miow » = 2.32 min). These mean differences were not statistically
significant.

Moderating Effect of Individual Characteristics. I explored the potential
moderating effects of various constructs representing individual demographics (age,
gender), traits (propensity to trust, personalities), experience (Al use frequency), and
expertise (Al literacy, familiarity with Al familiarity with AICA). The relationships
were explored using two-way ANOVA and SPSS PROCES Macro. Results revealed
the moderating effects of age, Al use frequency, familiarity with Al and AICA,
conscientiousness, and extraversion. The plots of estimated marginal means are
provided in Appendix 4.

Al-related experience & expertise. Al use frequency and familiarity with Al
career assessment moderated the effect of Al information clarity (Alfreq: Fs,169 =
3.96, p = .05; famAICA: F(1,169 = 3.92, p = .05), such that Al information presented
layman’s language was associated with higher benevolence perceptions for those who
used Al more often or were more familiar with Al, but with lower benevolence
perceptions for those with fewer usage and lower familiarity. Also, the effect of
clarity on trust in AI was positive for participants who were more familiar with Al-
mediated career assessment, but negative and significant for those who were less
familiar.

Age. Age moderates the effect of Al information personalization on trust in Al

(Fr1,169) = 4.25, p = .04), willingness to follow (F(1,169 = 4.25, p = .04) and give
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information (Fy1,169 = 4.25, p = .04), such that the relationship was positive for
younger participants (i.e., 18-year-old) but negative (yet non-significant) for the elder
(i.e., 31.08-year-old).

Big five personalities. Conscientiousness was found to moderate the effect of
personalization on perceived Al benevolence (F(1,164 = 4.52, p = .04) and willingness
to give information (Feon 1,169 = 4.01, p = .05). The relationship between
personalization and the two outcomes was positive and significant for less
conscientious participants and negative for more conscientious participants. Finally,
the effect of personalization was contingent on the participant’s extraversion level —
higher Al information personalization was related to a lower willingness to give
information for those more extraverted but higher for those less extraverted (F(s,164) =
4.06, p =.05).

Discussion

This study investigates two other facets of Al transparency — Al information
clarity and Al information personalization. A between-subjects experiment featuring
an Al-mediated career assessment session revealed no significant main effects of the
two on trustworthiness perceptions and no significant interactions either.

The results of manipulation checks indicated that participants rated the clarity
level as very high (both means exceeded 6.0 out of 7.0) regardless of whether the
manipulation information was written with layman’s language or technical jargon,
and rated the level of personalization as moderately high (both means exceeded 5.0
out of 7.0) regardless of their assigned conditions. A closer look at the sample
revealed a possible reason for this — our participants, on average, rated themselves as
having relatively rich Al experience (Mapfrequency = 4.98, SD = 1.35) and expertise

(MA]literacy = 5.72, SD = 0.81; AlfamiliarityA] = 5.55, SD = 0.91, MamiliarityA[CA = 4.56, SD =
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1.50)!!. This relatively small variance in participants’ Al experience and expertise to
some extent hindered our ability to investigate the effect of clarity and personalization
for those who are less knowledgeable with Al

In the Supplementary Analysis section, I explored whether findings would
vary if we replaced manipulation with subjective measures for Al information clarity
and personalization. Interestingly, I found that the main effects of perceived clarity
and perceived personalization on three Al trustworthiness dimensions were
significant and positive, and that perceived Al ability and integrity mediated their
effects on trust in Al. These findings provide some support for our hypothesized
relationship. It also highlights the limitations of our manipulations in effectively
eliciting participants’ perceptions of clarity and personalization. Future studies should
explore more sophisticated approaches to operationalizing the two facets of Al
transparency, particularly clarity.

It is worth noting that the results of supplementary analyses indicated that the
effects of Al information clarity and personalization did manifest in some situations,
depending on certain individual characteristics. This is further elaborated in the next

section.

' ANOVA results further revealed that participants differed significantly in their self-rated Al use
frequency (p = .034) and familiarity with Al career assessment (p = .091). Results for H1 and H2 did
not change if these four variables were included as covariates.
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General Discussion

The purpose of Essay 2 and Essay 3 was to unpack the nuanced effects of
different Al transparency facets in developing users’ trust in Al. Drawing on the
framework of Organizational Transparency (Schnackenberg et al., 2021;
Schnackenberg & Tomlinson, 2016) and Mayer et al.’s (1995) framework of
trustworthiness, I proposed a framework of Al transparency that views transparency
as information quality and outlines four facets — Al information disclosure, accuracy,
clarity, and personalization. Across two between-subject experiments in a career
assessment context, I examined the effect of each Al transparency facet on users’
trustworthiness beliefs, trust attitudes, behavioral responses (i.e., choice of Al
recommendation, choice accuracy), and subsequent behavioral intentions (i.e.,
willingness to follow, willingness to give information).

Findings consistently demonstrated strong support for the importance of Al
information accuracy in cultivating perceptions of ability and integrity, but not
benevolence. In contrast, the effects of the other facets received very limited support,
as they did not independently enhance trustworthiness perceptions in this context.

Consistent with Mayer et al.’s (1995) framework, significant relationships
were found among trustworthiness perceptions, trust in Al, and future behavioral
intentions. Among the trustworthiness dimensions, only perceived ability mediated
the effect of Al information accuracy on trust in AI. However, trustworthiness and
trust attitudes did not always translate into actual adoption of Al recommendations,
particularly in Essay 2.

Overall, this research presented preliminary efforts in examining how Al
transparency can be conceptualized as a multifaceted construct capturing the quality

of Al information output, with some facets exerting stronger and more consistent
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influence than others. Below, I discuss the common themes of findings arising from
these experiments, followed by the theoretical and practical implications, limitations,
and directions for future research.
Emerging Findings from Two Essays

In addition to the key findings illustrated in the Discussion sections in Essay 2
and Essay 3, three common themes of findings arose regarding (a) users’ processing
process of Al-provided information, (b) users’ trustworthiness perceptions in the Al
context, and (c) users’ Al-following behavior.
Processing AI-Provided Information

Although only the manipulations of Al information accuracy manifested as
expected, our embedded time metrics on the self-hosted platform enable us to have a
glimpse at whether and for how long participants viewed and processed the given
information. In Essay 2’s study, people (in the Disclosure conditions) spent an
average of 1.73 minutes on the page of manipulated information, 2.15 minutes on
descriptions of Al-recommended jobs, and 1.17 minutes on descriptions of non-Al-
recommended jobs. In Essay 3, people spent an average of 13.6 minutes on the page
of manipulated information, 2.26 minutes on Al-recommended jobs, and 1.09 minutes
on non-Al-recommended jobs. These statistics indicated that participants did pay
attention to the experimental information, just that the nuances of the information
were not obvious or impactful enough to affect the perceptions and decision-making
process of the information recipients.

Relevant to these findings are the information processing theories that
illustrate how individuals process information via various approaches. One of the
most utilized theories in studies of human-technology interaction is the heuristic-

systematic model (HSM) (Chaiken, 1980), which posits two parallel routes of
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persuasion and information processing. In a systematic view, information recipients
invest considerable cognitive effort in evaluating the given information in aspects
such as argument validity. In comparison, a heuristic processing view proposes that
individuals rely on comparatively little cognitive effort in evaluating information, and
typically rely on simpler rules or heuristics to form their judgments (Chaiken, 1980;
Liu, 2021; Shi et al., 2021; Shin, 2021). In our research context, the findings indicated
a possibility that participants relied more on the heuristic route to process the
manipulation information, treating it as a single informational clue without spending
too much cognitive effort on the content and validity of the piece of information. This
gives rise to a direction for future research to further investigate which information-
processing route will be utilized more by Al users to form Al-related evaluations and
influence subsequent decision-making processes.
Trustworthiness Perceptions in the AI Context

There have been discussions of whether Mayer et al.’s (1995) model of
trustworthiness, primarily focusing on interpersonal trust, still applies in the context
of AL In a recent study, Lalot and Bertram (2025) provided empirical evidence for
applying this model in studying trust in virtual Al, with perceived ability and integrity
being more effective in forming trust. Focusing on an embedded form of Al, our two
experiments in Essay 2 and Essay 3 revealed a similar effect of perceived ability and
less robust effects of perceived benevolence and integrity. However, another study by
Li and Bitterly (2024) found that benevolence played an important role when forming
trust in AI management systems. These inconsistent findings suggest potential
contingencies of how people attribute weights to the importance of these three aspects
when evaluating AI’s trustworthiness and forming trust in Al. Possible contingencies

include AI’s embodiment (robotic, virtual, embedded), personality structures of the
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user (e.g., Al-related experience), or characteristics of the performed task and context
(e.g., demand for empathy, Li & Bitterly, 2024; need for personalization, Qin et al.,
2025).

Predicting Choice of AI Recommendation

In both studies, whether participants chose Al-recommended jobs was not
significantly related to experimental conditions and trustworthiness beliefs. It was
positively and significantly associated with trust in Al in Essay 2, but not in Essay 3.
Such findings revealed some discrepancies from what we hypothesized according to
the Theory of Planned Behavior.

One possible reason for this is the existence of additional factors that affect
participants’ choices. As an exploratory approach, I incorporate an open-ended
question asking participants to elaborate on why they chose the particular job. While
most of the participants emphasized “alignment with interest” as the critical factor
influencing their choices, some participants made their choice based on the prospects
of the job (e.g., monetary income), or even purely out of curiosity when the
recommended job was new to them. Thus, there is a need for future research to
employ a more fine-grained measure of trust behavior or refine the research design to
tease out potential confounding factors.

Theoretical Implications

This research work attempts to contribute to the literature on trust and human-
Al interaction in several aspects. First, it is among the earliest efforts to apply the
Organizational Transparency framework (Schnackenberg et al., 2021; Schnackenberg
& Tomlinson, 2016) to the Al context and develop a systematic, multifaceted
typology of Al transparency. By reviewing prior studies on Al transparency and trust

in Al this research identifies four critical facets of Al transparency — information
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disclosure, accuracy, clarity, and personalization — which collectively capture the
quality of Al-generated information. The findings support Schnackenberg and
Tomlinson’s (2016) proposition that information accuracy positively influences
perceived trustworthiness in terms of ability, benevolence and integrity. Additionally,
this research provides preliminary explanations for the inconsistency in the effect of
Al transparency on trust in Al, as observed by previous research (L. Yu & Li, 2022).
Although our findings did not replicate previous research findings regarding how the
packaging of decision explanations (e.g., language choice) affects users’ evaluations
of trustworthiness, information processing research suggested a possible explanation —
Al users may process the four different facets hierarchically and sequentially, with the
effects of some facets potentially being overshadowed by the effect of the most
prominent facet, such as Al information accuracy.

Second, our findings offer cumulative knowledge in the trust literature
regarding the distinctiveness of trustworthiness beliefs, trust attitudes, intentions, and
behaviors. Participants formed beliefs of Al trustworthiness that shaped their trust in
Al, which in turn influenced their adoption of Al recommendations and intentions to
engage with Al in the future. These findings align with Mayer et al.’s (1995) and
McKnight et al.’s (2011) models, as well as with the Theory of Planned Behavior
(Ajzen, 1991). While results in Essay 2 and Essay 3 generally support this conceptual
distinction, some trustworthiness dimensions — particularly ability and integrity —
showed high intercorrelations, suggesting that users’ evaluations may partially
overlap in practice. We highlight the importance of both conceptual clarity and
careful measurement when examining trustworthiness and trust. Moreover, the
evidence that ability, benevolence, and integrity exhibited differential relationships

with trust indicates the value of examining these dimensions separately, rather than

161



aggregating them into a single indicator (Lalot & Bertram, 2025).

Finally, this research explores the boundary conditions of the effects of Al
transparency by examining the role of individual characteristics. Factors such as age,
gender, Al-related experience and expertise, and personality traits (e.g., propensity to
trust and Big Five personalities) were all found to moderate the effects of Al
transparency on various outcomes. While these findings are exploratory, they
highlight the theoretical value of understanding who may benefit more from
interactions with Al
Practical Implications

Our research findings emphasized the complexity of designing Al
transparency with the aim of improving users’ interaction with Al. The multifaceted
nature of Al transparency suggests that simply disclosing Al’s functioning logic and
process may be insufficient to build user trust —accuracy, clarity, and personalization
must also be considered when crafting the piece of information to be communicated
to users.

Al career coaching is emerging and increasingly adopted (Timis & Alurralde,
2023). Designed in the particular context of Al-mediated career assessment and
recommendations, our research provides actionable insights for practitioners who aim
to optimize the Al career coaching process for enhanced user trust and adoption
outcomes. Specifically, the accuracy of Al-generated information significantly affects
users’ perceptions of Al trustworthiness. Among the three dimensions of Al
trustworthiness, perceived ability explained the largest variance in user trust and
subsequent usage behaviors, including adoption of Al recommendation, willingness to
apply to the recommended jobs, and willingness to share additional personal

information (e.g., name, contact number, or resume) for the Al career advisor to
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conduct further analysis and refine their career advice.
Limitations and Future Directions

Several limitations inherent in this research may be addressed in future
studies.

First, the manipulations for disclosure, clarity, and personalization of Al
information require further refinement to fully capture their theoretical underpinnings.
In this study, several measures were implemented to ensure participants noticed and
paid attention to the experimental information according to their assigned conditions.
For instance, our self-hosted platform simulated real-life career assessment interfaces
and the Al coaching process to enhance realism and participant engagement. The
manipulated information was presented on a separate page from the assessment
results and job recommendations to ensure clear exposure. However, the Disclosure
manipulation may have been confounded with the amount of information provided to
participants, as participants in this condition naturally received more information than
those in the No Disclosure condition. Additionally, the level of Disclosure
implemented in this study was a relatively basic statement about the decision-making
principle of the Al career advisor, which may have constrained the strength of the
manipulation. Future research should consider designing control conditions that
involve an equivalent amount of irrelevant information (e.g., history of career
assessment). The disclosed information can be further strengthened by incorporating
more in-depth explanations of Al decision-making processes, or even a partial view of
the underlying algorithms.

For manipulations of clarity and personalization, the textual framing of clarity
and personalization did not consistently translate into differences in participants’

subjective perceptions. This pattern reveals the challenge of ensuring that the

163



experimental context as generally understood (canonical situations) is indeed
effectively recognized and experienced by participants (functional situations; Block &
Block, 1981). In our research context, even when the canonical situation was identical
(e.g., exposure to technical jargon), participants’ functional situations varied
depending on their personality structure (i.e., “developmentally achieved
perceptualizing schemata”; Block & Block, 1981, p. 87), such as their prior
experience and familiarity with Al. Consistent with this perspective, I conducted
exploratory analyses examining whether Al-related experience and expertise (e.g., Al
use frequency, Al literacy) interacted with the manipulations to shape participants’
perceptions of all four facets of Al transparency, but did not find any significant
effects. This suggests that other unmeasured factors may have influenced participants’
subjective construal of the manipulations. To address this gap, future research might
develop stronger manipulations (e.g., incorporating visual aids) to enhance the
salience of manipulation cues, or employ alternative methodologies to more
accurately capture participants’ perceptions of Al transparency. Additionally, it would
be theoretically valuable to explore whether participants’ Al literacy directly affects
their ability to understand and process Al-provided information, ultimately
influencing the effectiveness of such manipulations.

Second, although we examined the interaction effects between Al information
disclosure and accuracy as well as between clarity and personalization, we did not
systematically discuss the relationships among the four Al transparency facets.
Although these facets each convey certain information cues to facilitate Al users’
trustworthiness evaluations, it is possible that these cues are not processed at the same
time, or with similar effort. For instance, information recipients may initially evaluate

a message based on its ease of comprehension and personal relevance and proceed to
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examine more peripheral cues (e.g., expertise, legitimacy) when they find the message
difficult to comprehend (Elsbach & Elofson, 2000). Moreover, the present findings
suggest that users may attach greater weight to cues that directly signal accuracy of
the information or quality of Al itself, while reacting less to communication-related
cues such as disclosure, clarity and personalization. Research in related domains (e.g.,
organizational justice) indicated the possibility that process-related cues (e.g.,
procedural justice) serve not only as independent predictors but also as potential
moderators of the impact of more output-related cues (e.g., distributive justice).
Therefore, future research can investigate not only whether individuals process these
transparency cues hierarchically or sequentially, but also how different combinations
of Al transparency facets jointly shape trust in Al

Third, the discriminant validity of trust in Al and the trustworthiness
perceptions — particularly ability and integrity — warrants caution when interpreting
the mediation relationships. Although ability, benevolence, and integrity are
theoretically distinct dimensions, their empirical intercorrelations exceeded
recommended thresholds for discriminant validity. This pattern introduces ambiguity
about whether the observed mediation effects reflect unique contributions of each
trustworthiness dimension or more general trustworthiness perceptions. Our ability to
empirically distinguish these constructs is to some extent constrained by the cross-
sectional experiment design, in which trustworthiness, trust attitude, and future
intentions were measured within a very short interval. Future research would benefit
from employing more fine-grained experimental designs and measurement models to
more clearly disentangle these related constructs over time.

Fourth, the generalizability of our findings is limited by the demographic

similarity of the samples recruited in the two experiments. This design was adopted as
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it allowed us to examine the effects of different transparency facets on similar
participant groups, thereby minimizing potential confounding factors. As our
vignettes were highly tailored to fit our participants to maximize the realism of the
career assessment session, having similar participant groups enabled us to maintain
the usage of the self-hosted platforms without having to make substantial changes to
the system to tailor our materials for other groups of participants. Future research
should investigate the impact of Al transparency across varied demographic groups to
enhance the generalizability of findings.

Furthermore, this study did not hypothesize a priori on theoretically grounded
moderators. However, our exploratory analyses suggested promising avenues for
future research, including potential moderating effects of users’ gender, age,
experience and expertise related to Al technologies, and personality traits. As
mentioned above, such personality structures may influence participants’ subjective
construal of the Al-provided information (Block & Block, 1981). Investigating these
factors may yield valuable insights into the contingencies of the effects of different Al
transparency facets.

Lastly, future studies can explore additional factors influencing users’
decision-making processes beyond trust in Al. This would enrich our current
understanding of Al reliance and the appropriateness of trust in Al. Future research
should also consider alternative approaches to capture Al reliance as well as explore
additional behavioral consequences influenced by Al transparency and user trust,

depending on the specific research contexts.
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Tables and Figures

Table 1. Results of confirmatory factor analysis

Model x2 df p(2) x2/4df CFI TLI RMSEA RMSEA90%CI p- RMSEA<0.05 SRMR
Six-factor model 171.94 75 .00 229 956 .939 .088 [.070,.105] .000 .042
Three-factor model ~ 548.75 87 .00 6.31 792750 178 [.164,.192] .000 .091
Two-factor model 57497 &9 .00 6.46 782 742 180 [.166,.194] .000 .095
One-factor model 651.87 90 .00 724 747 705 193 [.179,.207] .000 .099

Note. In the six-factor model, three Trustworthiness variables, Trust in Al, Willingness to Follow, and Willingness
to Give Information were each loaded on one factor. In the three-factor model, three Trustworthiness variables,
Trust in Al, and the two Outcomes were each loaded on one factor. In the two-factor model, three Trustworthiness
variables and Trust in Al were loaded on one factor, and the two Outcomes were loaded on another factor. In the
one-factor model, all six variables were loaded on one factor.
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Table 2. Means, standard deviations, reliabilities and correlations among variables

Variables M SD 1 2 3 4 5 6 7 8 9 10 11
1 Clarity Manipulation 0.50  0.50 /
2 Personalization Manipulation 0.51 0.50  -.05 /
3 Perceived Clarity 6.04 078 -.04 .04
4 Perceived Personalization 5.50 1.29  -.04 A1 63"
5 Ability Beliefs 5.54 1.21 .04 .02 597 6T (.87)
6  Benevolence Beliefs 469 142 .02 .04 397 40" 557 (.93)
7 Integrity Beliefs 5.61 1.03 .05 .08 ST e 81 66" (.81)
8  Trustin Al 5.29 1.49 .03 .06 59" g4 8T 58" 80" (.92)
9  Choice of Al Recommendation 0.83 037 -.06 -.09 -.02 -.04 -.10 -.12 -.05 -.13 /
10  Willingness to Follow 4.73 1.61 .04 .10 497 66T 2™ 417 65" 78 -.06 (-89)
11 Willingness to Give Information 4.83 1.65 .07 .05 31 34 46" 327 41 .50 -.08 50" (-82)
12 Gender 148  0.53 .06 -.06 20 .14 .09 12 12 13 -.08 15 .01
13 Age 23.66 742 .08 .08 -.09 -.05 -17 -.19° -23" -.13 .01 .02 18"
14  Propensity to Trust 3.75 1.58 .07 .10 13 16" 15 307" A7 24" .01 18" 35
15 Al Use Frequency 4.98 135 .16 -.01 297 36" 45T 417 417 45" -.16" A8 347
16 Al Literacy 572 0.81 .08 -.09 387 26™ 29 25" 29" 307 -.01 37 36
17  Familiarity with Al 555 091 A1 -.13 347 317 34 32" 307 337 -.09 387 28
18  Familiarity with Al Career Assessment  4.56 1.50 13 .02 43" 43" 55" 49" 527 547 -.15" 58" 45"
19  Extraversion 3.93 1.51 .08 .02 19 22" 19 217 15" 16" -.11 13 18"
20  Agreeableness 4.99 1.21 .05 -.08 11 22" 20" 217 18" 23" -.01 23" 19"
21  Conscientiousness 548 126 .12 -.04 .14 257 3 217 317 28 -.01 35 19"
22 Neuroticism 2.94 132 -.01 .04 -.06 -.11 -.16" -32" =24 -.15" -.05 =217 -17
23 Openness to Experience 513 125 .05 -.01 24" .15 25" 28" 217 227 -12 26" 13
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(continued)

Variables 12 13 14 15 16 17 18 19 20 21 22 23
12 Gender /
13 Age -.01 /
14 Propensity to Trust =21 11 (.92)
15 Al Use Frequency .08 -.07 16" /
16 Al Literacy .14 -.01 13 45" (.79)
17  Familiarity with Al A1 .02 .16 ST .59 (.84)
18  Familiarity with AI Career Assessment  .16" -.06 16" 547 46" 547 (.83)
19  Extraversion 13 -.02 .09 217 A7 20" 23" (.58)
20 Agreeableness 220 25 12 22" .09 24" 23" 11 (:29)
21  Conscientiousness .06 13 .04 217 23" .16 29" .05 35" (66)
22 Neuroticism 18" -.03 -.16" -21" -26™" -.19" -2 -.15 -.15 -46™" (.62)
23 Openness to Experience 267 -.06 -09 28" 28" 217 407 35T 247 28" 31T (34)

Note. N=168.""p <.001, "p < .01, "p < .05; two-tailed. For gender, male = 0, female = 1.
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Figure 1. Theoretical framework of Essay 3
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Figure 2. Summary of hypothesis test results

Al Trustworthiness
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Note. N=168.""p <.001, "p < .01, p < .05, Tp < .10; two-tailed. Only significant results were present.
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Appendices

Appendix 1. Manipulations of Al information clarity and personalization

Al Information Personalization

High Personalization: I carefully review your unique career interest profile based
on the six career interest dimensions, and employ advanced matching algorithms
to recommend jobs that are specifically tailored to your career interests, skills, and
personal preferences.

Low Personalization: I review your career interest profile based on the six career
interest dimensions, and recommend jobs that are commonly available to the
general population.

Al Information Clarity

High Clarity (layman language): To achieve this, I use advanced techniques to read
and understand both your profile and job descriptions. This involves picking up on
and categorizing important words, phrases, paragraph structures, and overall
themes and emotions. I then rate how well each job aligns with your vocational
interests across six different dimensions.

Low Clarity (technical jargon): To achieve this, I leverage advanced natural
language processing techniques to perform entity extraction, hierarchical label
classification, topic modeling (e.g., latent Dirichlet allocation), syntax analysis
(e.g., dependency parsing), and sentiment analysis on your profile and job
descriptions. The matching algorithm, fueled by this sophisticated analysis, assigns
weights to each of the six vocational interest dimensions.
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Appendix 2. Detailed results of the CFA: Essay 3

Table Al. Standardized factor loadings: Essay 3

Factor Item Standardized loading
Perceived ability Al 0.87

A2 0.78

A3 0.86
Perceived benevolence Bl 0.90

B2 0.89

B3 0.94
Perceived integrity Il 0.79

12 0.77

I3 0.73
Trust in Al Tl 0.93

T2 0.92
Willingness to follow WF1 0.81

WF2 1.00
Willingness to give information WG1 0.90
WG2 0.78
Table A2. Inter-factor correlations: Essay 3

1 2 3 4 5 6
1.Perceived ability 1.00
2.Perceived benevolence 0.60 1.00
3.Perceived integrity 0.96 0.76 1.00
4.Trust in Al 0.97 0.63 0.93 1.00
5. Willingness to follow 0.79 0.47 0.78 0.85 1.00
6. Willingness to give information ~ 0.55 0.36 0.52 0.58 0.55 1.00

Table A3. Squared correlations and average variance extracted: Essay 3
AVE 1 2 3 4 5 6

1.Perceived ability 0.70 1.00
2.Perceived benevolence 0.83 0.36 1.00
3.Perceived integrity 0.59 0.93 0.58 1.00
4.Trust in Al 0.86 0.94 0.40 0.87 1.00
5. Willingness to follow 0.82 0.62 0.22 0.61 0.71 1.00
6. Willingness to give information ~ 0.71 0.30 0.13 0.27 0.34 0.30 1.00
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Appendix 3. Summary of structural equation modeling results: Essay 3

Figure Al. Effects of manipulated clarity and personalization

Hla-c Hda-c H6-9
Choice of Al
=.09 .
Al Information b Recommendation
Clarity Bs 4,
GIREAN
e % 3 haas
\ Trust in Al Willingness to Follow
N
¥ 1o
Al Information p=9
Personalization B=.09
Willingness to Give
Information
H2a-c

Note. N = 168. = standardized estimated coefficient. ***p < .001, *'p < .01, "p < .05, Tp < .10; two-tailed. X?;7) =
22.12, RMSEA = .04, CFI = .99, TLI = .98, SRMR = .03).

Figure A2. Effects of perceived clarity and personalization

Hla-c H4a-c H6-9

Choice of Al
Recommendation

Perceived Clarity

Trust in Al Willingness to Follow

Perceived

Personalization

Willingness to Give
Information

H2a-c

Note. N = 168. = standardized estimated coefficient. ***p <.001, “*p < .01, *p < .05, Tp <.10; two-tailed. X?;;) =
44.80, RMSEA = .13, CFI = .96, TLI = .89, SRMR = .04).

Table Al. Summary of indirect effects: Essay 3

Indirect effect B SE D
Perceived clarity -> Ability -> Trust in Al -> Willingness to follow 0.11 0.08 0.007
Perceived clarity -> Ability -> Trust in Al -> Willingness to give 0.09 0.08 0.013

Perceived personalization -> Ability -> Trust in AI -> Willingness to follow ~ 0.20 0.07 0.000
Perceived personalization -> Ability -> Trust in Al -> Willingness to give 0.17 0.07 0.002
Perceived personalization -> Integrity -> Trust in Al -> Willingness to follow 0.06 0.04 0.050

Note. N =168. = standardized estimated coefficient. Only significant paths are presented.
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Appendix 4. Plots of moderation effects

Figure A3. Moderating effects of Al-related experience and expertise
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Figure A4. Moderating effects of age
Effect of Personalization
, Age —+—Younger —m—Older . Age —+—Yourger —m-Older , Age —+—Yourger —m-Older
Efloct= 55,30 = 20, p= 05
6 ‘74 6 Effect = .74, 50 = 31, p = 02 ¢ Effect = -.42, se = 36, ns
s 5 s
Effoct =20, 30 = 33, ns
. ‘ Efloct=-23, 50 = 36, ns A Efloct= 51,50 = 31,ns
a 3 3
2 2 2
' ' '
LOW PERSONALIZATION  HIGH PERSONALIZATION LOW PERSONALIZATION  HIGH PERSONALIZATION LOW PERSONALIZATION  HIGH PERSONALIZATION
Trustin Al Willingness to Follow Willingness to Give Information

Figure AS. Moderating effects of conscientiousness and extraversion
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