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Abstract
The rapid integration of artificial intelligence (Al) into essential sectors, including
healthcare, customer services, and defense, has underscored the importance of user trust
in Al systems. Psychological traits such as locus of control (the extent to which
individuals attribute outcomes to internal or external factors) and self-efficacy
(individuals’ confidence in their ability) have been identified as significant factors
influencing trust in these automated systems. Previous studies have independently linked
these psychological traits to trust in technology; however, there has been limited
exploration of potential moderating effects of locus of control on the relationship between
digital technology self-efficacy and trust in Al. Grounded in Bandura’s self-efficacy
theory and Rotter’s locus of control framework, this quantitative study examined the
extent to which locus of control moderated the relationship between digital technology
self-efficacy and trust in Al among English-speaking adults, 22 to 55, living in the United
States. Using a cross-sectional correlational design, data were collected via Amazon’s
Mechanical Turk from 125 participants. A moderated multiple regression analysis
revealed digital technology self-efficacy, locus of control, and interactions did not
significantly predict trust in Al. These findings indicated locus of control and self-
efficacy may not significantly influence trust in Al as previously expected, highlighting
the need to explore additional psychological or contextual factors affecting user attitudes.
By encouraging continued investigation, these findings build a foundation for enhancing
user confidence and supporting equitable Al adoption, thereby contributing to positive

social change.
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Chapter 1: Introduction to the Study

The rapid advancement of artificial intelligence (AI) technologies has transformed
numerous industries, including healthcare, transportation, and customer service. Among
various Al applications, Al chatbots and conversational agents have become increasingly
prominent, offering assistance across multiple sectors (Esteva et al., 2019; To et al.,
2021). As Al systems take on more complex tasks with the potential to significantly
influence decision-making, the issue of trust in Al has emerged as a critical factor for
their successful integration and use (Hancock et al., 2011). Without sufficient trust, users
may avoid or underutilize Al systems, diminishing potential benefits these technologies
can offer. Therefore, understanding psychological factors that influence trust in Al is
essential for fostering greater engagement and confidence in Al-driven tools.

Trust in Al is shaped by a variety of psychological and external factors. Two key
psychological traits, self-efficacy and locus of control, play important roles in terms of
how individuals perceive and engage with technology more broadly (Bandura, 1977;
Rotter, 1966). Recent studies have applied them to the context of trust in Al. Self-
efficacy refers to individual belief in ability to effectively use technology (Bandura,
1977), while locus of control pertains to individual perceptions of personal control over
outcomes (Rotter, 1966). Individuals with high self-efficacy are more likely to trust Al,
as they feel confident in their abilities to use these systems (Hancock et al., 2011).
Conversely, individuals with a strong internal locus of control might exhibit caution or
resistance to fully autonomous Al systems, perceiving them as potential threats to their

preference for maintaining direct oversight and decision-making, even though they retain



the ability to override Al outcomes (Chiou et al., 2021). This inclination stems from the
core aspect of internal locus of control: a belief in one’s ability to influence events. While
this belief often results in confidence when interacting with new technologies, it can also
lead to frustration when perception of control is challenged (Chiou et al., 2021).

Although self-efficacy and locus of control have been studied independently in
relation to technology use, the potential for locus of control to moderate the relationship
between self-efficacy and trust in Al had not previously been examined. To that end, I
examined the extent to which locus of control moderated the relationship between self-
efficacy and trust in Al among English-speaking adults between 22 and 55 living in the
United States. Through this examination, findings included insights about how individual
psychological traits influence user trust in Al, which may inform design of more user-
friendly Al systems. These insights may help Al developers and organizations address
psychological barriers to Al adoption, potentially leading to more efficient and
trustworthy Al applications across various domains.

In this chapter, I provide the background of the problem, problem statement,
purpose of the study, research questions and hypotheses, theoretical framework, nature of
the study, relevant definitions, assumptions, scope and delimitations, limitations, and the
significance of the study.

Background

Al technologies have become deeply embedded in many sectors, including

healthcare and transportation (Esteva et al., 2019; Chen et al., 2016). As chatbots and

other Al systems take on increasingly complex decision-making roles, user trust in these



systems is critical for their effective implementation. However, trust in Al remains a
significant challenge, as users grapple with issues such as job displacement and
misinformation (Lazer et al., 2018; Piercy & Gist-Mackey, 2021). In this context, locus
of control and self-efficacy have emerged as crucial factors influencing trust in Al
systems (Hancock et al., 2011). Individuals with a strong internal locus of control and
believe they have personal control over their lives may exhibit cautious behavior when
interacting with Al systems, particularly in scenarios where these systems are perceived
as limiting their direct influence (Chiou et al., 2021). While such individuals often
demonstrate confidence in their ability to engage with technology, this may reflect an
idiosyncratic response related to fully autonomous decision-making. Individuals with a
strong internal locus of control typically approach new technological challenges,
including Al, with resilience and problem-solving strategies, maintaining their
confidence when mastering technology (Babiker et al., 2024; Wang et al., 2022). This
highlights the importance of contextual factors in terms of interpreting locus of control
behavior in relation to Al trust.

Self-efficacy, or the belief in one’s ability to complete tasks, has been associated
with greater trust in technology (Hancock et al., 2011). While trust in Al has been studied
across various domains, the extent to which locus of control moderates the relationship
between self-efficacy and trust in Al remains underexplored. Locus of control can act as
a moderating variable, influencing how individuals’ psychological traits interact with
their attitudes and behaviors toward technology use. Wang et al. (2022) found internal

locus of control enhanced impact of active learning and task crafting on creativity in a
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work environment involving Al and robotics, indicating individuals with an internal locus
of control are more adaptive and proactive. Babiker et al. (2024) demonstrated internal
locus of control contributed to positive attitudes and reduced fear toward Al. These
findings suggest locus of control can shape interactions between self-efficacy and trust in
Al, highlighting the potential relevance of exploring this relationship further.

Trust is central to the successful use of Al technologies, particularly in industries
where reliability and accuracy are critical, such as healthcare. Low trust in Al-generated
medical advice can lead to patients ignoring or rejecting potentially beneficial
interventions (To et al., 2021). In professional settings, lack of trust in Al systems can
cause inefficiencies, as individuals may second-guess or override recommendations
provided by Al leading to increased operational costs and reduced productivity (Lee &
See, 2004; Guznov et al., 2020). These examples highlight how trust in Al systems is not
just a matter of convenience but an essential factor for their effective integration into
everyday life.

However, trust in Al can be undermined by various factors, including rapid
technological advancements, concerns about job displacement, and the spread of
misinformation. As Al systems become more capable, some individuals worry about the
risk of being replaced in the workforce, a phenomenon which is referred to as automation
anxiety (Piercy & Gist-Mackey, 2021; Vieira, 2020). This anxiety, combined with the
fear that Al systems might prioritize efficiency over human welfare, can significantly
reduce people’s willingness to trust Al. Moreover, the increasing role of Al in content

curation and decision-making processes has contributed to the proliferation of



misinformation, further eroding public trust in these systems (Lazer et al., 2018).
Algorithms that optimize for engagement rather than factual accuracy can inadvertently
spread false or misleading information, intensifying public mistrust (Lazer et al., 2018).
Al-driven platforms, particularly on social media, are often perceived as credible sources
of information despite their limitations in terms of ensuring accuracy (Edwards et al.,
2014). This problem is compounded by the phenomenon of Al hallucinations, in which
Al systems generate erroneous content that appears credible (Alkaissi & McFarlane,
2023). Furthermore, Al systems can reflect inherent social biases embedded in their
training data, such as racial or gender biases, further complicating the issue of trust
(Buolamwini & Gebru, 2018; Bolukbasi et al., 2016). Racial biases in image recognition
systems and gender biases related to job recommendations have led to concerns regarding
Al perpetuating inequality (Barocas & Selbst, 2016). Such biases not only undermine
reliability of Al systems but also contribute to a broader social mistrust of Al
technologies.

In addition to societal concerns, locus of control and self-efficacy play a pivotal
role in terms of shaping user trust in Al. Individuals with a strong internal locus of
control are often more skeptical of external systems like Al (Chiou et al., 2021). They
may perceive Al as a force that diminishes their personal agency, making them less likely
to place trust in its capabilities (Riedl, 2022). Conversely, those with higher levels of self-
efficacy tend to exhibit more trust in technological systems, believing they can
effectively interact with and benefit from these tools (Hancock et al., 2011). Despite this

understanding, the potential for locus of control to moderate the relationship between



self-efficacy and trust in Al remains largely unexplored in existing research. This study
was designed to fill that gap by providing critical insights regarding factors that influence
user trust in Al systems, with the potential to inform the design and implementation of Al
technologies in ways that enhance user trust and adoption.

Problem Statement

With the increasing prevalence of Al technologies, particularly in the form of
conversational platforms, understanding how users develop trust in these systems has
become critical (Hancock et al., 2011; To et al., 2021). As Al systems become more
integrated into sectors such as healthcare and customer service, users’ trust in these
technologies directly impacts their willingness to rely on Al-generated information or
recommendations (Lee & See, 2004; Guznov et al., 2020). However, despite the growing
societal reliance on Al psychological mechanisms that govern trust in these systems
remain underexplored.

Locus of control plays an important role in shaping attitudes toward technology
(Rotter, 1966; Scherer et al., 2019). Individuals with a strong internal locus of control
tend to be more skeptical of systems they perceive as external forces, such as Al, which
may explain why they are less likely to place trust in these technologies (Chiou et al.,
2021; Riedl, 2022). Conversely, self-efficacy, or the belief in one's ability to perform
tasks, has been associated with increased trust in technology, as individuals who feel

competent are more confident in interacting with these systems (Bandura, 1977; Hsu et

al., 2007).



While studies have examined the influence of locus of control and self-efficacy
independently, the extent to which locus of control moderates the relationship between
self-efficacy and trust in Al has not yet been investigated. This research is particularly
timely given the widespread concerns surrounding Al technologies, including issues of
misinformation and inherent societal biases (Lazer et al., 2018; Buolamwini & Gebru,
2018). Understanding how psychological traits influence trust is crucial, as Al systems
increasingly impact decision-making in critical domains such as healthcare, where trust is
essential for the effective use of Al-driven tools (Esteva et al., 2019). Ultimately, this
study aimed to contribute to a more trustworthy, user-friendly Al environment by
identifying psychological factors with the potential to inform user education and system
design strategies.

Purpose of the Study

The purpose of this quantitative, cross-sectional, correlational study was to
determine the extent to which locus of control (moderator/independent variable [IV])
moderates the relationship between self-efficacy (independent variable [IV]) and trust in
Al (dependent variable [DV]).

Research Questions and Hypotheses

The following research questions and hypotheses guided this study:

RQ1: Does locus of control predict trust in AI?

Ho1: Locus of control does not predict trust in Al

H,1: Locus of control does predict trust in Al

RQ2: Does self-efficacy predict trust in AI?



Hy2: Self-efficacy does not predict trust in Al
H,2. Selt-efficacy does predict trust in Al

RQ3: Does locus of control moderate the relationship between self-efficacy and
trust in AI?

Ho3: Locus of control does not moderate the relationship between self-efficacy
and trust in Al

H.,3: Locus of control does moderate the relationship between self-efficacy and
trust in Al

Theoretical Framework

This study was informed by two social psychological theories: Bandura's self-
efficacy theory and Rotter's locus of control theory. Bandura (1977) stated individuals’
beliefs in their capabilities significantly influence their actions, motivations, and
emotional wellbeing. Self-efficacy plays a critical role in terms of how individuals
engage with emerging technologies like Al. Hancock et al. (2011) found higher levels of
self-efficacy predict greater trust in and use of technology, demonstrating how personal
belief in one’s abilities directly impacts engagement with Al. Additionally, Marakas et al.
(1998) stated computer self-efficacy was important in terms of understanding technology
adoption and behaviors in digital environments.

Individuals with higher self-efficacy not only demonstrate greater trust in Al
systems, but also tend to engage in more complex interactions with these technologies.
Users with high self-efficacy are more likely to explore advanced features of Al systems,

take risks when adopting new Al tools, and demonstrate persistence with solving



problems when Al-generated outcomes are not immediately clear (Hsu et al., 2007).
Conversely, individuals with low self-efficacy may avoid interacting with Al or limit
their use to simple tasks, fearing they lack skills to manage more sophisticated Al
applications. This avoidance behavior underscores the role of self-efficacy in terms of
shaping not just trust, but also depth of interactions with Al technologies.

Rotter’s locus of control theory differentiates between individuals with an internal
locus of control who believe they control their own outcomes and those with an external
locus of control who believe their lives are controlled by external factors. This theory is
vital to understanding how individuals approach trust in Al. Individuals with a strong
internal locus of control often feel confident in terms of their abilities to manage external
influences, including Al systems (Chiou et al., 2021; Riedl, 2022). Chiou et al. (2021),
suggested individuals with an internal locus of control may exhibit caution or skepticism
toward Al systems when these technologies are perceived as potentially limiting personal
decision-making autonomy. contrasts with the broader body of research indicating
individuals with an internal locus of control typically approach new challenges, including
Al, with resilience and confidence in terms of maintaining their decision-making
autonomy (Babiker et al., 2024; Wang et al., 2022). Conversely, those with higher levels
of self-efficacy are more likely to trust Al systems, as their belief in their own abilities
makes them confident when interacting with and managing Al technologies (Bandura,
2006; Hsu et al., 2007).

The degree to which individuals exhibit skepticism or acceptance of Al systems is

often shaped by their locus of control. Individuals with a strong internal locus of control
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may question Al-driven decisions, as they prefer to retain control over critical decisions
rather than delegate to automated systems (Chiou et al., 2021). This may appear to
contradict conventional interpretations of internal locus of control, which suggest
confidence in one’s ability to handle external systems or influences. Chiou et al. (2021)
suggested individuals with an internal locus of control might view Al systems as external
entities that challenge their autonomy and personal decision-making authority.
Individuals with an internal locus of control generally maintain confidence and
adaptability when engaging with Al, viewing it as a tool they can master rather than an
external force that undermines their autonomy (Babiker et al., 2024; Wang et al., 2022).

By contrast, those with an external locus of control who doubt their control over
outcomes may defer to perceived greater competence and accuracy of Al technologies
when handling decision-making (Riedl, 2022). Such individuals are more likely to
integrate Al use while maintaining a proactive stance toward decision-making (Wang et
al., 2022).

Self-efficacy and locus of control theories were suitable to explain the moderating
role of locus of control on the relationship between self-efficacy and trust in Al, which is
critical to understanding variations in terms of user behaviors. Individuals with high selt-
efficacy and an internal locus of control are likely to feel confident in their abilities but
also skeptical about relying on Al for important decisions. This group may cross-check
Al outputs due to their own judgments or make final decisions independently.
Conversely, individuals with high self-efficacy and an external locus of control may

demonstrate high confidence in their skills but be more willing to rely on Al as they
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perceive it as a competent external resource. These behavioral differences highlight
complex dynamics involving psychological traits and trust in Al, suggesting locus of
control can influence whether high self-efficacy leads to active engagement or cautious
interaction with Al technologies. I explain the self-efficacy and locus of control theories
in more detail in Chapter 2.

To test the moderating effect of locus of control on the relationship between self-
efficacy and trust in Al, I used interaction effects via a multiple regression framework.
By measuring self-efficacy and locus of control independently and assessing their
relationships with trust in Al I determined whether locus of control strengthened or
weakened associations between self-efficacy and trust. Specifically, I examined whether
individuals with a high internal locus of control were less likely to trust Al even when
their self-efficacy was high as compared to individuals with an external locus of control
who might exhibit more trust in Al despite varying levels of self-efficacy. I aimed to
provide a nuanced understanding of how psychological traits interact to shape user
behaviors in relation to Al technologies.

Nature of the Study

I employed a quantitative cross-sectional nonexperimental, correlational survey
design. This design was appropriate for examining relationships between self-efficacy,
locus of control, and trust in Al. A correlational design does not permit causality to be
inferred. The quantitative approach was used to measure and analyze these variables and

their interactions, making it suitable for assessing the topic. A cross-sectional design was
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ideal for gathering data at a single point in time from a large sample, ensuring efficiency
in terms of examining these relationships without manipulating any variables.

The target population was English-speaking adults between 22 and 55 living in
the United States. Participants were recruited via Amazon's Mechanical Turk (MTurk).
Data were analyzed using Statistical Package for Social Sciences (SPSS) Version 29.0. A
multiple regression analysis with moderation was conducted to address the topic.

Definitions

Artificial Intelligence (Al): Systems and machines that simulate human
intelligence in order to perform tasks, learn from data, and improve over time (Russell &
Norvig, 2010).

Al Hallucinations: Instances where Al systems, particularly those that are driven
by machine learning, generate false or misleading information that appears credible.
These hallucinations can result from errors in data processing or due to the model
producing responses based on incomplete or inaccurate information (Alkaissi &
McFarlane, 2023). Such errors are particularly relevant in Al systems that are used for
decision-making or customer interactions.

Al Interaction Frequency (Regular Al Interaction): Regular Al interaction is a
measure of as use of Al-driven tools or systems (e.g., smart assistants, Al-powered
customer service platforms) at least several times per week. This ensured participants in
the study had relevant experience with Al technologies.

Automation Anxiety: Fear or concern that Al and automation technologies will

replace human jobs, leading to job displacement and/or reduced human roles in certain
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sectors. This anxiety can reduce individuals’ willingness to trust or adopt Al technologies
(Piercy & Gist-Mackey, 2021).

Locus of Control: The extent to which individuals believe they can control events
that affect their lives. Individuals with an internal locus of control believe they can
influence outcomes through their own actions, while those with an external locus of
control attribute outcomes to external factors that are beyond their control (Rotter, 1966).

Self-Efficacy: Individual belief in their ability to execute tasks and achieve
specific outcomes (Bandura, 1977).

Technology Self-Efficacy: Individual confidence in their ability to use and adapt
to new technologies (Marakas et al., 1998).

Trust in AI: Individual willingness to rely on Al systems to perform tasks that
have meaningful consequences.

Assumptions

There were several assumptions associated with this study. I assumed participants
provided honest and accurate responses to survey questions. As I relied on self-reported
data, it could not be directly verified if participants were truthful. To mitigate potential
dishonesty, participants were assured their responses were anonymous, which was
expected to encourage honesty. Additionally, I assumed participants engaged
thoughtfully with survey questions and dedicated sufficient time to providing considered
responses. This was crucial to ensure data accurately reflected their experiences and
perceptions. I also assumed locus of control and self-efficacy theories were suitable to

inform the study.
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Scope and Delimitations

This study involved determining the extent to which locus of control moderates
the relationship between self-efficacy and trust in Al. I focused on understanding user
engagement with Al technologies. Both self-efficacy and locus of control were
independently related to engagement with and trust in Al technology. However, the
potential for locus of control to moderate the relationship between self-efficacy and trust
in Al had not previously been examined empirically. While other factors might influence
trust in Al, such as demographic variables or prior experience with technology, I limited
the scope of this study to psychological traits involving comfort with and/or resistance to
Al technology use. Participants were English-speaking adults between 22 and 55 residing
in the United States. To gain insights regarding their experiences with Al, a demographic
questionnaire was used to collect information on types of Al technologies (smart
assistants, Al-powered customer service platforms, smartphone applications) and
frequency of use.

Limitations

Convenience sampling through MTurk was used to recruit voluntary participants,
which might have resulted in a nonrepresentative sample in terms of those who did and
did not volunteer. The volunteer-based nature of sampling potentially limited
representativeness of the sample and generalizability of findings.

Another limitation was reliance on self-reported data, which could have been
influenced by social desirability bias; participants might have responded in ways they

believed were more socially acceptable rather than being entirely truthful. Reminding
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participants that all responses were collected anonymously was intended to mitigate this
by reducing pressure to provide socially desirable answers.
Significance

This study contributed to the field of social psychology by exploring
psychological mechanisms that influence trust in Al. Specifically, I addressed a gap in
literature by examining whether locus of control moderated the relationship between self-
efficacy and trust in Al. Although previous research had examined direct effects, the
moderating role of locus of control had not previously been empirically tested. Findings
included initial insights regarding the relationship between these psychological traits and
trust in Al, suggesting directions for future research.

In terms of practical implications, this research includes preliminary insights that
could be valuable for AI developers, technology companies, and organizations. While I
did not identify significant relationships, exploration of self-efficacy and locus of control
in relation to trust in Al could guide further investigation into designing user-friendly Al
systems. These preliminary findings suggest areas for future research, potentially
contributing to improved training programs and user interfaces that are aimed at boosting
user confidence. Organizations may use insights from this exploratory work to inform
further research or pilot studies for understanding psychological barriers to Al integration
in the workplace. Encouraging trust in Al remains an important goal, as increased trust
may enhance effectiveness of Al-driven tools, potentially improving outcomes in
healthcare and customer service. While findings from this study were not significant,

exploration of psychological factors influencing trust in Al highlights leads to further
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research that could ultimately benefit individuals and society. Addressing trust in Al
remains essential for positive social change, particularly as AI becomes more prevalent in
healthcare, education, and customer service. By exploring psychological traits related to
trust in Al, I identified potential avenues for future research that could eventually inform
policies and practices promoting broader acceptance and responsible Al use.
Summary

Rapid development of Al technologies has significantly impacted various
industries, such as healthcare, transportation, and customer service, making trust in Al
systems an essential factor for successful integration and use. This study involved
addressing self-efficacy and locus of control, which may affect how individuals engage
with and trust these technologies. I examined whether locus of control moderated the
relationship between self-efficacy and trust in Al among English-speaking adults between
22 and 55 living in the United States. By using a quantitative cross-sectional correlational
design, I aimed to address this topic with the broader goal of informing design and
implementation of user-friendly Al systems.

In Chapter 2, I address the theoretical frameworks and key psychological
concepts. I provide an exhaustive review of literature related to self-efficacy, locus of

control, and trust in Al.
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Chapter 2: Literature Review

With the rise in popularity of A technology, particularly organization platforms
with human-like conversational abilities, societal reliance on such technology has grown,
elevating the significance of misinformation and Al hallucinations as social issues
(Bickmore & Picard, 2005; Ciechanowski et al., 2019). In navigating the complex
landscape of Al and related challenges, the presence of misinformation and ungrounded,
erroneous content raises significant concerns. These Al platforms which are often
perceived as credible can generate and spread information that may not be based on
factual data, intensifying the social dilemma of using online misinformation. This
problem is further compounded by difficulties many individuals experience when
discerning between human and Al-generated text, amplifying the spread and acceptance
of misinformation (Kreps et al., 2022). Consequently, understanding these dynamics as
part of the broader social problem of Al-driven misinformation is imperative.

Al systems are not immune to inherent social biases. These biases include but are
not limited to racial, ethnic, gender, and socioeconomic biases. For instance, Al systems
can exhibit racial biases by favoring majority racial groups via image recognition or
perpetuating stereotypes that reflect biases in their training data (Buolamwini & Gebru,
2018). Gender bias is another significant issue, with Al systems often associating certain
professions or roles with a specific gender, mirroring biases in training data (Bolukbasi et
al., 2016). These biases can influence the type and tone of information, further
complicating issues involving misinformation (Barocas & Selbst, 2016; Howard &

Borenstein, 2018).
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The complex interplay of social biases and misinformation is particularly
significant in the context of social media platforms. The sheer volume of information, its
rapid dissemination, and reliance on Al systems for content moderation make social
media particularly prone to misinformation and bias propagation. Algorithms may
unwittingly lead to echo chambers, reinforcing users’ existing beliefs and biases and
contributing to the polarization of social discourse (Bakshy et al., 2015). Moreover, the
potential role of Al in media manipulation in terms of creation and dissemination of
deepfakes and sophisticated digital forgeries underscores the urgent need to address this
social problem (Chesney & Citron, 2018; Groh et al., 2021). Therefore, understanding
how user trust in Al systems is formed and maintained is essential for navigating this
complex and pressing social problem.

Relevance of the Problem

The ever-increasing integration of Al into daily lives presents both promises and
pitfalls. While Al platforms, especially those with humanlike conversational abilities,
offer the potential for societal advancement, they also raise considerable concerns. These
concerns involve misinformation and the perpetuation of biases (Alkaissi & McFarlane,
2023; Bickmore & Picard, 2005; Ciechanowski et al., 2019; Salvagno et al., 2023). As a
result, public trust in Al becomes a critical factor that demands comprehensive
examination.

Lack of trust in Al leads to concrete barriers that undermine its effective
integration across various sectors. In healthcare, distrust can cause patients to ignore Al-

driven medical advice, while in collaborative settings, it can lead to inefficient human-Al
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partnerships and increased operational costs (Guznov et al., 2020; Lee & See, 2004; To et
al., 2021). This distrust is further fueled by automation anxiety, contributing to job
insecurity and reduced willingness to interact with Al in professional settings (Piercy &
Gist-Mackey, 2021; Vieira, 2020). Misinformation perpetuated by Al may also corrode
trust, affecting healthcare and news dissemination (Chou et al., 2018; Lazer et al., 2018).
Social biases and misinformation particularly on social media platforms further
complicate trust in Al (Bakshy et al., 2015; Chesney & Citron, 2019; Groh et al., 2021).
Rapid pace of Al advancements exacerbates the digital divide, eroding trust among those
who feel overwhelmed or marginalized by these technological changes (Van Dijk, 2017).

A rich body of literature highlights the influential role of locus of control and self-
efficacy on shaping attitudes towards technology and fostering trust. Rotter’s concept of
locus of control, or the degree to which individuals perceive control over events affecting
them, is a significant predictor of trust in technology. Scherer et al. (2019) stated those
with a strong internal locus of control, tend to have greater trust in technology. Bandura’s
self-efficacy also plays a critical role in terms of fostering trust in technology. Individuals
with high self-efficacy levels are likely to exhibit more confidence during interactions
with technology, leading to increased trust (Bandura, 2006; Hsu et al., 2007).

The relationship between locus of control, self-efficacy, and trust in Al is
complex and shaped not only by Al proficiency and accuracy of information but also
human users’ perceptions and psychological predispositions. By investigating the
interplay of these variables, I aimed to provide insights that could potentially inform user

education strategies, contributing to efforts to foster more trustworthy Al environments.
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This research will lead to understanding psychological traits that are relevant to trust in
Al, potentially guiding future efforts for mitigating harms of Al-generated
misinformation and biases.

The purpose of this quantitative study was to examine the degree to which locus
of control (IV) moderated the relationship between self-efficacy (IV) and trust in Al
(DV). Given the impacts of Al-driven misinformation and inherent societal biases,
understanding how self-efficacy and locus of control influence trust in Al is paramount.

Chapter 2 includes information about the literature search strategy followed by a
detailed description of the theoretical frameworks. An exhaustive review of literature
related to locus of control, self-efficacy, and trust in Al is presented, followed by a
summary and conclusion.

Literature Search Strategy

I used the following databases for this study: EBSCOHost, Science Direct,
Thoreau Multi-Database Search, APA PsycInfo, and APA PsycArticles. Keywords were:
Artificial intelligence, Al chatbots, AI hallucinations, human-computer interaction, Al
trust, self-efficacy and Al, locus of control and AI, Al bias, Al and social inequality,
uncanny valley effect, human-chatbot interaction, Al in clinical interviews, virtual
humans, machine behavior, user expectations of Al, AI and media manipulation, Al in
scientific writing, misinformation and Al, Al and social media, AI and echo chambers, Al
and deepfakes, image recognition and bias, racial bias in Al, gender bias in Al
socioeconomic bias in Al, AI content moderation, individual traits and Al trust, robotics

and trust, trust in automated systems, self-efficacy and technology, psychological factors
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and Al trust, Bandura and Al, Rotter and Al, technology adoption, trust mechanisms in
AL computer self-efficacy, locus of control in technology, human-Al interface, Al ethics,
Al in healthcare, Al in mental health, social implications of Al, trust in technology, and
user engagement in Al

I focused on sources that were published between 2020 and 2025, excepting
seminal works and information about theoretical frameworks with enduring applicability.
I facilitated the gathering of a comprehensive and multidisciplinary body of research with
diverse viewpoints and methodologies to richly inform this study.

Theoretical Foundation

Self-Efficacy Theory
Origin and Source

Bandura introduced the concept of self-efficacy in 1977 as an integral component
of his broader social cognitive theory. While the psychological theories at that time
offered significant perspectives on learning and motivation, many did not adequately
consider the role of individual agency. Bandura's social cognitive theory bridged this gap
by introducing a model of causality that interwove the individual, their behaviors, and
their environment in a dynamic referred to as reciprocal causation (Bandura, 1986). Self-
efficacy specifically served to articulate how people's beliefs in their abilities could
profoundly affect their actions and outcomes within this complex social system.

Anchored in the broader landscape of cognitive psychology, self-efficacy theory
represents a paradigmatic shift that began to gather momentum in the mid-20th century.

Unlike behaviorism, which was then the dominant psychological framework, cognitive
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psychology emphasized internal processes such as thought, memory, and decision-
making (Neisser, 1967). This focus allowed scholars to move beyond examining only the
stimulus-response mechanisms and explore the internal cognitive structures that mediate
between stimulus and response (Miller et al., 1960). Bandura's conceptualization of self-
efficacy perfectly aligns with this shift by emphasizing the role of cognitive processes in
understanding human behavior, such as how beliefs about one's capabilities can influence
actions and emotional states (Bandura, 1997).
Major Propositions and Hypotheses

Self-efficacy is not a peripheral factor within Bandura’s seminal works, but a
central construct that significantly influences various dimensions of psychological
functioning and human behavior (Bandura, 1997). A key proposition of the theory is the
emphasis on how self-efficacy shapes the way in which individuals choose to participate
in different activities. For example, individuals with higher self-efficacy in technology
usage are more likely to trust Al systems, engaging more confidently with Al-driven
platforms.

Bandura asserts that people are more likely to engage in tasks where they perceive
a higher level of competence driven by their belief in their ability to achieve the desired
outcomes (Bandura, 1982). Given that tech proficiency is, and will continue to be,
required for employment in most areas, trust in and comfort with Al technology will
serve individuals very well, both professionally and personally. In essence, the higher the
level of perceived self-efficacy, the more likely an individual is to undertake more

challenging tasks. This is consistent with the theory's cognitive underpinnings, where
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belief systems guide action. Within this context, belief systems refer to internal
frameworks individuals use to evaluate their skills and abilities. These frameworks are
not merely passive but serve as active determinants that influence decision-making and
behavior, functioning as lenses through which individuals assess the situation, their own
competencies, and the likely outcomes of different courses of action (Bandura, 1982).
This suggests that individuals with higher tech self-efficacy in technology might more
confidently assess their ability to use Al, leading to greater trust in Al systems and the
proficiency required to succeed in whatever the endeavor.

According to empirical studies, individuals' level of effort and persistence in tasks
correlates strongly with their self-efficacy beliefs (Schunk, 1991). The reason lies in the
self-regulatory function of self-efficacy; people with high self-efficacy are more likely to
set challenging goals for themselves and invest the necessary effort to achieve them. This
is substantiated by Bandura's assertion that elevated levels of self-efficacy inspire greater
effort and resilience when confronted with obstacles (Bandura, 1997). For example,
individuals with high self-efficacy in technological skills are more likely to actively
engage with and trust Al systems, persisting through challenges in understanding and
using these technologies effectively, persistence that will serve them well at work and
elsewhere. In practical terms, individuals endowed with high self-efficacy are less prone
to discouragement in the face of setbacks and more likely to sustain effort over prolonged
periods. This observation aligns well with the principles of humanistic psychology, which

values personal growth and resilience. In this context, self-efficacy serves as a
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psychological mechanism that fuels an individual's motivation, perseverance, and
adaptability (Bandura, 1982).

Beyond its influence on task choices and effort, self-efficacy significantly impacts
emotional well-being (Bandura, 1997). Research suggests that heightened levels of self-
efficacy serve as protective factors against stress and depression (Jerusalem & Schwarzer,
1992). Specifically, individuals with robust self-efficacy beliefs perceive stressful
situations as challenges rather than threats, thereby reducing anxiety and enabling better
coping strategies. Individuals with higher self-efficacy are observed to employ more
effective problem-solving techniques when confronted with challenging situations,
further enhancing their coping abilities (Bandura, 1997). Self-efficacy theory thus adds a
nuanced layer to our understanding of emotional resilience, emphasizing the role of belief
systems in shaping cognitive and emotional responses to stress (Bandura, 1982).

Bandura also elaborated on the mechanisms through which self-efficacy beliefs
are formed and nourished. He identified four primary sources: mastery experiences (i.e.,
individuals gain a sense of accomplishment), vicarious experiences (i.e., observing others
succeed boosts one's own sense of efficacy), verbal persuasion (i.e., encouragement and
constructive feedback foster a greater belief in one's capabilities), and physiological
states (i.e., emotional states and physical reactions can either enhance or diminish self-
efficacy; Bandura, 1986). For example, these mechanisms imply that individuals might
develop trust through successful personal interactions with Al (mastery experiences), by

observing others effectively use Al (vicarious experiences), receiving positive
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reinforcement about their ability to use Al (verbal persuasion), and from their emotional
responses to Al interactions (physiological states).

Each of these sources not only enriches our understanding of how self-efficacy is
formed but also emphasizes the theory’s multidimensional nature, underscoring its
dynamic nature, shaped and reshaped by a complex interplay of both personal
achievements and external influences (Bandura, 1986).The propositions and hypotheses
within self-efficacy theory underscore its comprehensive scope, offering robust
explanations for individual choice in activities, effort allocation, emotional resilience, and
the complex mechanisms of belief formation.

Previous Applications of the Self-Efficacy Theory in Similar Studies

Pajares (1996) aimed to explore the predictive and mediational roles of self-
efficacy beliefs in mathematical problem-solving among middle school gifted students
mainstreamed with regular education students in algebra classes. The authors
hypothesized that self-efficacy beliefs of gifted students would make an independent
contribution to problem-solving performance. Pajares employed path analysis on a
sample of 297 eighth-grade students, including both regular education (» = 231) and
gifted students (n = 66), to test this hypothesis. The participants were asked to complete a
descriptive questionnaire (Pajares, 1996), the self-efficacy for self-regulated learning
measures scale (Zimmerman et al., 1992), and a math based self-efficacy instrument
(Pajares & Miller, 1994). Findings indicated that gifted students reported higher math
self-efficacy and self-efficacy for self-regulated learning and lower math anxiety

compared to regular education students. Pajares concluded that self-efficacy of gifted
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students significantly predicted their problem-solving abilities, independent of factors
like math anxiety, cognitive ability, mathematics GPA, self-efficacy for self-regulated
learning, and gender.

The results supported the hypothesized role of self-efficacy in Bandura’s social
cognitive theory, indicating that self-efficacy beliefs are strong predictors of capability in
academic tasks, particularly in mathematical problem-solving. These findings are
relevant to the proposed study, as self-efficacy theory has the potential to explain
individuals’ trust in and ability to use Al effectively. Pajares' (1996) exploration of self-
efficacy in academic problem-solving establishes a foundational framework that Mlekus
et al. (2020) build upon. While Pajares illuminates the role of self-efficacy in structured
academic tasks, Mlekus et al. extend this concept to the realm of technology acceptance.
This progression reflects an evolution of self-efficacy from a predictor of academic
success to a crucial factor in user interactions with new technologies, like R software.

Mlekus et al. (2020) extended the Technology Acceptance Model originally
developed by Davis (1989), which focuses on perceived usefulness and ease of use as
determinants of technology acceptance. They expanded the Technology Acceptance
Model by incorporating user experience characteristics, such as efficiency, perspicuity,
dependability, stimulation, and novelty, to provide a more comprehensive understanding
of technology acceptance. The authors hypothesized that specific user-experience
characteristics, such as efficiency, perspicuity, dependability, stimulation, and novelty,
would significantly predict technology acceptance, including perceived usefulness and

ease of use. The study involved 281 statistics students, mostly female (M age = 23.29
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years), who had recently learned to use R software, an open-source programming
language and software environment widely used for statistical computing and graphics.
The participants completed the User Experience Questionnaire (Laugwitz et al., 2008)
and scales from TAM3 (Venkatesh & Davis, 2000), which include measures for
perceived usefulness, ease of use, and behavioral intention.

The results indicated that user-experience characteristics accounted for significant
variance in technology acceptance measures. Output quality (i.e., the degree to which
users believe that the system performs their job tasks well) significantly predicted
perceived usefulness of the technology, while perspicuity and dependability were
significant predictors of perceived ease of use. Additionally, novelty (but not stimulation)
was a significant predictor of behavioral intention to use the technology. These findings
support the authors’ hypothesis and emphasize the importance of user-experience
characteristics in technology acceptance. These findings underscore how user confidence
and competence in using a technology (in this case, the R software) are influenced by
their experiences with its technological features, enhancing users' beliefs in their
capabilities to accept and effectively use, and continue to use, the technology. The
findings of Mlekus et al. (2020) about self-efficacy in technology usage set the stage for
Lestari et al. (2022), who explore self-efficacy in a professional environment impacted by
Al and robotics. Here, self-efficacy transcends the boundaries of individual user
experience to influence organizational behavior and job performance in the hotel
industry. This transition highlights the broadening scope of self-efficacy theory from

personal competence to organizational effectiveness in technology-rich settings.
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Lestari et al. (2022) conducted a study to investigate the influence of Al, robotics,
and service automation on job performance in the hotel industry; its purpose was to
examine how employees' self-efficacy, attitudes toward technology adoption, and
relationship quality with supervisors’ impact job performance amid Al advancements.
The authors hypothesized that self-efficacy would positively influence job performance
and attitudes towards technology adoption. The study involved 171 employees from eight
large premium hotels in Jakarta, Indonesia. These employees, who regularly interacted
with technology equipment or systems, completed a questionnaire that included the self-
efficacy scale developed by Schyns and Von Collani (2002), performance measures
derived from Ang et al. (2003), and the attitude towards technology adoption scale
introduced by Williams et al. (2017). The research utilized a questionnaire survey as its
primary method, which included items to measure self-efficacy using the scale developed
by Schyns and Von Collani (2002), as well as measures for employee performance and
attitudes toward technology. The questionnaire utilized a Likert-type scale for responses,
where self-efficacy was measured using Schyns and Von Collani's (2002) six-item
instrument, performance was gauged using six items from Ang et al. (2003), and attitudes
towards technology were measured using Williams et al.'s (2017) scale.

The study's results indicated a positive association between employees’ self-
efficacy and their job performance. Additionally, employees' attitudes toward smart
technology adoption positively influenced their job performance. Additionally, the study
found that employees' self-efficacy positively influenced their attitudes toward smart

technology adoption and attitudes toward smart technology adoption were found to
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positively influence their job performance, thus supporting all three hypotheses. The
results of Lestari et al. emphasize the significant role of self-efficacy in employees'
performance and attitudes towards technology adoption, particularly in environments
with advanced technologies like Al and robotics. These findings are relevant to the
proposed study, highlighting the importance of self-efficacy in professional settings
influenced by Al advancements. Lestari et al. (2022) establish the relevance of self-
efficacy in professional settings influenced by Al advancements, paving the way for Al-
Gasawneh et al. (2023) to delve into the more intricate domain of [oT and SEO. Al-
Gasawneh et al.'s focus on [0T’s impact and user behavior in digital marketing contexts
showcases the expanding applicability of self-efficacy theory. It demonstrates its critical
role in navigating the complex interplay between advanced technological systems and
user adaptation, aligning well with the evolving nature of modern digital environments.
Finally, Al-Gasawneh et al. (2023) examined the impact of the Internet of Things
(IoT), a network of interconnected devices that collect and exchange data, on Search
Engine Optimization (SEO; i.e., the practice of increasing the visibility of websites in
search engine results). The study specifically focused on the roles of user behavior and
self-efficacy in this relationship. The authors hypothesized that the direct influence of IoT
on SEO and user behavior and the mediating role of user behavior in the [oT-SEO
relationship. This mediation effect was predicted to mean that changes in user behavior,
influenced by the introduction and use of IoT technologies, would in turn affect SEO
outcomes. The study posits that [oT advancements would influence how users interact

with search engines, which would then impact SEO effectiveness. Additionally, it
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examined how users' self-efficacy might moderate the relationship between IoT and user
behavior, by examining how users' self-efficacy could influence the relationship between
IoT and user behavior. It was hypothesized that users with higher self-efficacy would be
more adept at adapting to and utilizing IoT technologies, thereby positively influencing
their behavior in ways that could enhance SEO outcomes. In other words, the moderation
effect suggests that the strength of the relationship between IoT and user behavior varies
depending on the level of users' self-efficacy. The research employed a survey method,
targeting IT and digital marketing professionals working in Jordanian
telecommunications companies. A total of 160 professionals were approached via email,
and 131 valid and complete responses were ultimately analyzed. The survey measured
variables such as performance expectations, social impact, cost, security (to capture IoT),
user behavior, and users' self-efficacy. All items were rated on a 5-point Likert scale and
underwent field and academic pilot testing for clarity, applicability, and validity.

The study's findings revealed significant relationships between IoT, user behavior,
and SEO. Specifically, IoT was found to have a direct positive impact on SEO and user
behavior. The "direct impact" of IoT on SEO was independent of its impact on user
behavior, meaning [oT directly affects both SEO and user behavior separately. The study
suggests that [oT technologies not only influence how users behave but also directly
enhance SEO effectiveness by enabling more efficient and targeted search engine
optimizations. Moreover, user behavior significantly mediated the relationship between
IoT and SEO, indicating that changes in user behavior due to [oT, in turn, affected SEO

outcomes. Results also revealed that users' self-efficacy moderated the association
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between [oT and user behavior, highlighting the importance of individuals' confidence in
their abilities in the context of technology use and adaptation. The moderation effect
observed in the study indicated that higher self-efficacy among users strengthens the
relationship between IoT and user behavior. In essence, when users have greater
confidence in their ability to use IoT technologies, there is a more pronounced positive
impact of [oT on their behavior. This suggests that user self-efficacy is a critical factor in
maximizing the benefits of [oT in influencing user behavior and, by extension, SEO
outcomes. These findings are relevant to the current research focusing on trust in Al
systems, as they demonstrate the importance of self-efficacy in navigating and adapting
to emerging technologies like IoT, which can have significant implications for user
behavior and perceptions, particularly in digital marketing and SEO strategies.
Rationale for Use of the Self-Efficacy Theory

The rationale for selecting self-efficacy theory as the theoretical foundation for
this study was rooted in its relevance to understanding individual interactions with Al,
particularly in the context of the increasing complexity and prevalence of misinformation.
Self-efficacy theory, as articulated by Bandura (1977, 1986), offers a robust framework
for examining how individuals' beliefs in their abilities influence their behaviors and
attitudes, especially in technologically driven environments.

The theory's emphasis on the role of individual agency in shaping interactions
with the environment was particularly pertinent to the study's focus on Al, where users
are constantly interacting with advanced, often opaque systems; users’ beliefs in their

ability to effectively navigate these systems are likely to significantly influence their trust
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in Al This aligns with Bandura's (1986) assertion that self-efficacy beliefs shape how

individuals approach tasks, challenges, and decision-making processes. Additionally, the
multifaceted nature of self-efficacy theory, which encompasses cognitive, motivational,
affective, and selection processes (Bandura, 1986, 1997), provided a comprehensive lens
through which to examine the study's focal issues. Given that trust in Al involves
cognitive evaluations of the technology’s capabilities, motivational aspects of choosing to
rely on Al, and affective responses to Al-generated information, self-efficacy theory
aptly encapsulates these dimensions.
How the Self-Efficacy Theory Relates to The Present Study

Self-efficacy theory (Bandura 1977, 1986) provides a comprehensive framework
for understanding how individuals' beliefs in their capabilities influence their interactions
with Al an aspect that is crucial in an era dominated by digital technologies and
pervasive misinformation. The specific research questions of this study were designed to
both apply and extend Bandura’s concepts by examining how self-beliefs (e.g., locus of
control) shape behavior. The relationship between self-efficacy and trust in Al resonates
with Bandura’s (1997) findings on the pivotal role of self-efficacy in shaping individual
interactions with various aspects of their environment, including technology. This aspect
of the study underscores the relevance of self-efficacy in the digital age, as affirmed by
numerous studies linking self-efficacy with effective engagement with technology (Hsu

et al., 2007; Lucas et al., 2014).
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Literature Review Related to Key Variables

Trust in Al

In the context of Al, trust extends beyond mere reliability; it encapsulates the
belief in Al's capability to act as credible social actors within a vast array of fields, from
healthcare and news dissemination to political discourse and software development. The
pervasive integration of Al into these sectors, particularly in areas where trust is
paramount, drives the urgent need to address challenges posed by misinformation and Al
hallucinations (i.e., ungrounded or erroneous content generated by Al systems) that
exacerbate the complexity of fostering trust in these technologies. The articles
underpinning this section have been curated to illuminate the diverse aspects of trust in
Al across various domains. It aims to showcase the intricate relationship between Al
technologies and societal trust, emphasizing Al's critical role as social actors embedded
within the fabric of daily life. By navigating through the theoretical foundations of trust
in technology, empirical evidence on trust in automation and Al, and the nuanced impacts
of misinformation, societal biases, and psychological traits on trust, this section
endeavors to construct a comprehensive understanding of the dynamics at play. It
underscores the imperative to discern the mechanisms through which Al technologies can
be perceived as trustworthy amidst the challenges of misinformation and inherent societal
biases. These articles collectively contribute to a nuanced discourse on trust in Al,
highlighting its significance in the digital age and laying the groundwork for investigating

the moderating role of locus of control in shaping trust in Al technologies.
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Chien et al. (2016) offered a foundational study that underscores how cultural and
personality differences critically impact trust in automation technologies. Their research
across three different countries highlights the significant role of cultural traits such as
uncertainty avoidance and individualism, alongside personality traits like agreeableness
and conscientiousness, in influencing trust levels. This insight broadens the discourse
from Al's functional reliability to include cultural and psychological dimensions that
shape user interactions with technology.

Chien et al. (2016) investigated the influence of cultural characteristics and
personality traits on trust in automation across three distinct populations: the United
States, Taiwan, and Turkey by examining the interplay between Hofstede's cultural
dimensions, the Big Five personality traits, and their collective impact on trust attitudes
toward automation. The authors employed several measurement tools to achieve this: the
Culture Trust Instrument (CTT) (Chien et al., 2016), Hofstede’s Cultural Dimensions
(Hofstede, 1991) to evaluate cultural variances, and the Big Five Personality Traits scale
(John & Srivastava, 1999). The study sampled 360 participants, with 120 individuals
from each country. The demographic distribution included various age groups and both
genders. The results revealed significant differences in trust levels, with the US
participants displaying the highest trust in automation, followed by the Taiwanese
participants, and the Turkish participants showing the least. This variance was
significantly influenced by cultural dimensions such as uncertainty avoidance and
individualism, which correlated positively with trust levels in the US. Additionally,

personality traits like agreeableness and conscientiousness were positively related to trust
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across all groups. These findings deepen our understanding of trust in Al by emphasizing
how cultural and personality differences significantly impact user perceptions and
acceptance, underscoring the importance of designing Al systems that are adaptable to
various cultural contexts and personality types to foster trust among a diverse range of
global users.

Building on these insights, Oksanen et al. (2020) investigated the factors
influencing trust in robots and artificial intelligence (Al) within trust game scenarios and
initial encounters. The study determined if the name and type of opponent, familiarity
with robots, robot appearance, and task performance impacted trust levels in robots and
Al To this end, the authors assessed trust in robots and Al using a trust game, where
participants decided what portion of $1,000 to share with an opponent. To measure the
participant’s trust, the shared amount was then tripled, emphasizing the potential mutual
gain if the opponent chose to return some of the money; trust was determined by the
participant’s willingness to risk their own resources for potential reciprocal gains. The
researchers utilized online questionnaires to collect demographic data and to measure
personality traits (using the 15-item Big Five Inventory), allowing them to determine how
these factors influenced trust dynamics during interactions with Al and robots. Data were
gathered from a broad cohort of 1,077 participants conducted via Amazon’s Mechanical
Turk, which offered a demographic mix that spans various ages, genders, and educational
backgrounds, ensuring a rich contextual analysis of trust dynamics.

The findings indicated that neither the name of the robot (whether a typical

human name or a nickname) nor the type of opponent (robot vs. Al vs. human)
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significantly impacted the trust participants placed in these entities, contradicting some
common assumptions that anthropomorphic features or familiar human names might
influence trust levels. Participants with previous exposure to or familiarity with robots
reported higher trust levels, suggesting that prior positive experiences or familiarity
reduces fear and uncertainty, enhancing trust. The human-like appearance of robots was
positively correlated with higher trust levels, such that participants tended to trust robots
more when they resembled humans, likely due to the perceived relatability or
understandability of their actions. Finally, effective task performance by robots was a
strong predictor of trust; participants who observed robots performing tasks effectively
and efficiently were more likely to trust them. These findings support the positive impact
of familiarity, human-like appearance, and effective task performance on trust in robots
and Al The authors concluded that enhancing the human-like qualities of robots and
ensuring their competent performance in interactive tasks can significantly increase trust
levels. These results underscore the importance of design and functionality considerations
in Al and robot development to align with human expectations and preferences, thereby
fostering a trusting relationship.

The notion of personalizing Al to fit diverse user profiles aligns with broader calls
for Al systems that are not only technologically proficient but also culturally and
psychologically sensitive. To that end, Selezneva et al. (2023) investigated the complex
interplay between volitional regulation (i.e., individuals' ability to manage their actions
amidst modern world challenges such as technological advances and social instability)

and trust dynamics. The study examined how self-trust and trust in others influenced
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individuals' capacity to initiate and execute personal intentions (i.e., their ability to begin
and complete planned actions). This exploration aimed to unravel how trust
configurations affect personal agency in managing life's demands and interactions with
technology. The authors hypothesized a relationship between various patterns of trust,
referred to as trust configurations (i.e., different levels of self-trust and trust in others)
and their impact on individuals’ effective initiation and completion of intended actions.
To examine these dynamics, they used the Self-Confidence Scale (Skripkina, 2014), an
adaptation of Rotter’s Interpersonal Trust Scale (Dostovalov, 2013), and an adaptation of
Kull’s Control in Action scale (Shapkin, 1997).

The study involved 210 participants ranging from 27 to 55 years old, with a
significant majority being female (72%). Results revealed significant differences in the
ability to follow through with intentions, depending on the type of trust relationship:
participants with higher self-trust demonstrated greater perceived control over their life
choices, while those with lower self-trust encountered difficulties in goal setting and
adapting their life circumstances. Their study revealed how different trust configurations
(i.e., trust in self and/or others) impact one's ability to act upon personal intentions, which
can extend to interactions with Al systems. The study highlights how individuals' trust
predispositions influenced their interactions with Al technologies, emphasizing the
importance of understanding the various factors that contribute to trust in Al. This
understanding forms a framework that examines the different ways people may trust and
engage with Al systems, depending on their personal trust configurations. Individuals

with robust self-trust may perceive Al as an empowering tool that augments their
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capabilities and control. In contrast, those with lower self-trust might approach Al with
skepticism, impacting their adoption and operational reliance. This distinction enhances
our comprehension of the pivotal role trust plays in the human-Al interface, urging the
development of Al systems that are finely attuned to the varied psychological landscapes
of their users.

Unver and Asan (2022) examined the role of trust in Al-driven healthcare systems
and its impact on patient safety, underscoring the increased use of Al in healthcare for
various purposes (e.g., diagnosis, drug development, personalized medicine, and patient
care monitoring); the authors point out that Al cannot be held liable for flawed decisions
in healthcare and does not possess the capacity to be trusted according to traditional
definitions of trust. They further discuss the ethical and legal concerns associated with
using Al in healthcare, including issues of informed consent, privacy, bias and
discrimination, and opacity (black-box problem). Informed consent is essential when
using Al health apps and chatbots that collect and analyze data from wearable sensors;
privacy is a significant concern, as Al relies on large datasets that may contain sensitive
information, and bias and discrimination can occur if Al algorithms are trained on biased
or unrepresentative data. Al algorithms' opacity poses additional challenges in
understanding Al’s decision-making process. The authors suggested that trust in these
systems requires all the environmental, psychological, and technological conditions to be
responsive to patient safety, further suggesting that trust should be built on a
multidimensional relationship between the various actors in the healthcare system,

including patients, clinicians, and policymakers. The authors stress the importance of
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transparency, responsibility, accountability, fairness, and privacy in building trust,
concluding that Al has the potential to bring significant benefits to healthcare and patient
safety but that trust in these Al systems should be viewed holistically, considering the
interdependencies and interactions within the healthcare system.

Bridging the conceptual discourse on trust in Al-driven healthcare systems to
practical implications involves examining the nuanced impacts of Al on individual
behavior. As ethical considerations evolve into analyses of real-world interactions, it
becomes crucial to observe how specific demographics engage with online health
information and to examine the dynamic interplay between theoretical constructs of trust
and their tangible effects on health information-seeking behaviors. To that end, Hatamlah
(2024) conducted a study into the factors influencing adolescents' online health
information-seeking behaviors, focusing on trust in online health information, eHealth
literacy, parental influence, and the credibility of Al-generated health information. A
survey was conducted among 381 adolescents who completed the Trust in Online Health
Information (Rowley et al., 2015) eHealth Literacy (Norman & Skinner, 2006), Parental
OHIS Behaviors (Hatamlah, 2024), Parental OHIS Mediation (Hatamlah, 2024), and Al-
Generated Health Information System Credibility Scores. Additionally, adolescents'
eHealth literacy was assessed using a comprehensive eHealth Literacy Assessment. The
data were analyzed using Structural Equation Modeling informed by social cognitive
theory, and the results confirmed significant relationships between trust in online health
information, eHealth literacy, parental behaviors, Al-generated credibility scores, and

adolescents' online health information-seeking behaviors.
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The results of the study underscore the positive influence of trust in online health
information and eHealth literacy on adolescents' disease-related and fitness-related online
health information-seeking behaviors. These findings highlight the importance of credible
and accessible online resources in supporting effective health management among young
individuals. Additionally, the study found that parental behaviors and mediation
significantly enhance adolescents' engagement with online health resources, particularly
in how they seek information related to disease management and fitness. This
reinforcement by parents, together with trustworthy Al-generated health information,
underscores the vital role of credible Al applications in promoting informed health
decisions among adolescents. Hatamlah's (2024) investigation provides a critical link to
understanding trust in Al within healthcare, emphasizing the significance of eHealth
literacy and Al-generated content credibility. This study aligns with broader concerns
about misinformation and Al hallucinations discussed in Al contexts by highlighting the
role of parental influence and Al-generated credibility scores in shaping adolescents'
health information-seeking behaviors. It underscores the importance of credible Al
applications in enhancing trust, especially relevant to societal reliance on Al technologies
and addressing challenges posed by misinformation, thus directly contributing to the
discourse on Al as trustworthy social actors.

Transitioning from the exploration of trust within Al-driven healthcare systems,
where ethical considerations and patient safety are paramount, to the domain of politics
and news, one observes a thematic shift while maintaining a conceptual linkage. In the

context of healthcare, the emphasis on trust centers around ethical imperatives,
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transparency, and accountability. This focus expands as the discussion moves into the
sphere of politics and news, where the challenge becomes discerning truth amidst copious
information. Here, the dynamics of media consumption, public discourse, and societal
trust emerge as pivotal factors in shaping the perceived credibility of Al-generated
content by highlighting the necessity for Al systems across domains to exhibit not only
technological excellence but also a commitment to ethical responsibility and
transparency, directly addressing the challenge of misinformation.

To address that, Sangwon et al. (2020) examined the relationship between media
use, public discussion, social trust, and Al news credibility, i.e., the perceived credibility
or trustworthiness of news articles or information generated by Al systems or algorithms.
The study aimed to provide insights into how media consumption, public discussion, and
social trust contribute to the credibility of Al news. The authors hypothesized that media
use, specifically through television, social network sites, online news sites, and public
discussion, would be positive related to Al news credibility. The authors further
hypothesized that social trust would moderate the effect of public discussion on
credibility, such that higher levels of trust in others would strengthen the positive
relationship between discussion and credibility. The study used a nationwide online
survey to collect data. The survey included measures to assess the frequency of media
use (i.e., newspaper news use, TV news use, online news site news use, and SNS news
use), public discussion, social trust, and Al news credibility. The study drew samples
from an online panel registered with Macromill Embrain, one of the largest survey

agencies in South Korea. The sample included a total of 1,502 participants who
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completed the questionnaire. After excluding incomplete responses, the final sample for
analysis consisted of 1,294 participants.

The results of the study showed that age, efficacy, TV news use, online news site
news use, and SNS news use, together with discussion frequency and social trust, were
all significant predictors of Al news credibility. Specifically, age positively influenced Al
news credibility, while efficacy demonstrated a strong positive relationship with
credibility. Media consumption variables, including TV news use, online news site news
use, and SNS news use, all positively correlated with Al news credibility, underscoring
the impact of diverse media platforms on perceptions of Al-generated content.
Additionally, the frequency of public discussion was positively associated with Al news
credibility, highlighting the role of societal engagement in shaping these perceptions.
Furthermore, social trust was found to correlate positively with Al news credibility,
indicating the foundational importance of trust in social relations for accepting Al-
generated news. The analysis also revealed that the interaction between discussion
frequency and social trust significantly enhanced Al news credibility, suggesting a
moderation effect where social trust strengthens the positive influence of public discourse
on credibility perceptions. The insights from Sangwon et al. (2020) significantly
contribute to the discourse on trust in Al, particularly in the realm of Al-generated news.
Their findings illuminate how media consumption, public dialogue, and social trust
combine to mold perceptions of credibility in Al-produced content. Through elucidating

the relationship between social trust and the credibility of Al news, these findings echo
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the need for strategies that not only mitigate misinformation but also enhance the public's
discernment abilities in the age of advanced Al technologies.

As the focus shifts from broader societal impacts to detailed mechanics within
digital environments, the roles of interpretability and privacy become central to fostering
trust in algorithmic news platforms. The interplay between technology design and user
perceptions deepens our understanding of how transparency and fairness are pivotal in
securing trust in Al systems. Shin et al. (2022) further advanced our understanding by
highlighting the critical role of interpretability and privacy in fostering trust in
algorithmic news platforms. They examined the relationship between interpretability,
trust, privacy, and information disclosure in the context of algorithmic news platforms to
determine how users' cognitive processes influence their decisions to disclose personal
information in platformized news contexts (i.e., environments where news content is
personalized and delivered through Al-driven platforms that aggregate, curate, and tailor
information based on user behavior and preferences). The authors proposed several
hypotheses, suggesting that interpretability (i.e., the extent to which users can understand
the internal mechanics of algorithmic news platforms in human language) influences
perceptions of transparency, fairness, and accountability. These enhanced perceptions are
predicted to bolster trust in algorithmic news platforms. The authors further hypothesized
that trust will positively influence users' privacy concerns and their willingness to
disclose personal information, and that privacy will positively influence users'
information disclosure in algorithmic news platforms. The study focused on the Naver

news recommendation platform in South Korea, utilizing a combination of online
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ethnographic methods and offline experiments to assess user interactions with algorithm-
generated news and video content. Participants recruited through undergraduate and
graduate courses related to news media, digital technologies, and consumer research were
divided into a control group and an experimental group. The latter was primed with
explanatory cues in Al news recommendation systems, aimed at evaluating the impact of
interpretability on users' perceptions of transparency, fairness, and accountability, and
subsequently, their trust in the platform. This methodological approach was designed to
simulate real-world engagement with platformized news, specifically by incorporating
user-specific adjustments that algorithmic platforms use to tailor content. These
personalization settings, which adjust news delivery based on individual preferences,
browsing history, and interactions with content, enhance user engagement by ensuring
the news presented is more relevant to each user's interests.

The results demonstrated that interpretability significantly and positively
influenced user perceptions of transparency; these enhanced perceptions positively
impacted user trust in the platforms, which in turn positively influenced their privacy
concerns by reducing apprehensions and positively affected their willingness to disclose
personal information. Privacy positively influenced information disclosure by serving as
a mediating factor between trust and the willingness to share personal information. This
mediation role clarifies how increased trust, bolstered by interpretability, leads to
enhanced privacy perceptions, which then encourage greater disclosure of personal
information. Additionally, the findings revealed that explanatory cues increased users'

understanding of privacy mechanisms, a concept referred to as "privacy heuristics” (i.e.,
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cognitive shortcuts that help users quickly assess privacy risks and benefits, leading to
decisions about personal data disclosure). That explanatory cues were positively related
to privacy heuristics suggests that clearer explanations increase users' ability to navigate
and control their privacy, which in turn positively impacts their willingness to disclose
personal information. Results further indicated that interpretability significantly
influenced users' perceptions of transparency, fairness, and accountability in algorithmic
news platforms, such that interpretability enhanced transparency by making the
algorithmic processes clearer to users, which bolstered their trust in the platforms.
Furthermore, the clearer explanations provided by interpretability helped users perceive
the platforms as fairer and more accountable, positively affecting their trust. These
improvements in users' perceptions directly facilitated an increase in trust, underscoring
the crucial role of interpretability in building trust through enhanced transparency,
fairness, and accountability. The findings suggest that users are more likely to trust
algorithmic news platforms when they clearly understand how the algorithms work and
how their personal data are used. This has implications for designing and implementing
Al systems, as transparency and interpretability can help build trust and mitigate privacy
concerns.

After exploring the role of Al in journalism and the broader dynamics of trust,
Kuznetsova et al. (2023) examined AI’s function in the arena of political information.
This study not only underscores the technological advancements and challenges in Al's
ability to manage misinformation but also highlights the societal implications of Al in

shaping political discourse. Kuznetsova et al. (2023) evaluated the ability of ChatGPT
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veracity of political information. The authors used a diverse array of topics for
evaluation, including COVID-19, Russian aggression against Ukraine, the Holocaust,
climate change, and LGBTQ+ debates. The study used Al auditing methodology to
determine how the chatbots performed in different languages (English, Russian, and
Ukrainian) and how they evaluate statements according to political communication
concepts of disinformation, misinformation, and conspiracy theory. The authors
developed a codebook with variables such as the accuracy of detecting false, true, and
borderline statements, the accuracy of detecting conspiracy theories, and the presence of
misinformation or disinformation. Data were collected by manually submitting the
prompts to the chatbots and recording the chatbots’ responses and were analyzed to
identify factors influencing the chatbots' performance in evaluating veracity, detecting
conspiracy theories, and identifying misinformation and disinformation. The results
showed that ChatGPT performed better than Bing Chat in accurately evaluating statement
veracity, with an overall accuracy of 72% across languages without pre-training. Bing
Chat had a lower accuracy of 67%. The results highlighted significant disparities in
performance between high-resource languages, which have abundant training data, and
low-resource languages, which have limited data. This disparity was particularly evident
with Ukrainian prompts, where Bing Chat's performance was notably lower due to its
classification as a low-resource language with less available training data. The
performance of the chatbots showed considerable variations depending on the topics and

the sources of the statements. Analysis revealed that chatbots were more accurate in
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identifying the veracity of statements related to well-documented historical events, such
as the Holocaust, where they showed fewer inaccuracies in labeling statements as non-
intentionally false. In contrast, statements concerning contemporary political issues,
particularly those involving Russian aggression against Ukraine, were more frequently
misclassified as intentionally false or were not responded to at all. This variability
underscores the influence of the topic's complexity and the source's reliability on the
chatbots' ability to assess information accurately.

Progressing from the societal impacts of Al in disseminating news and
information to the technical and community-based trust in programming environments
underscores the complex and varied nature of trust in Al across different fields. Each
domain presents distinct challenges and opportunities, emphasizing the critical
importance of cultivating trust, transparency, and ethical considerations in advancing and
applying Al technologies. To that end, Cheng et al. (2023) aimed to determine how
online communities shape software developers' trust in Al-powered code-generation
tools. In particular, the authors sought to understand how online communities help
developers build appropriate trust in Al code-generation tools and to investigate the
design space for integrating user communities into Al code-generation systems.
Researchers also aimed to investigate how online communities shape developers' trust in
Al tools and how community features can facilitate appropriate user trust. The study
used semi-structured interviews to gather qualitative data from 17 participants who had
experience consuming or sharing content about Al code-generation tools in online

communities. Results indicated that online communities provided two key aspects that
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help developers build trust in Al code-generation tools: community-curated experiences
and community-generated evaluation signals. Community-curated experiences included
vivid descriptions and explanations of others' experiences with Al tools, realistic
programming tasks, diverse use cases, and details on project context and dependencies.
Community-generated evaluation signals included direct indicators of code quality,
context and generation process of code solutions, and identity signals. These evaluation
signals helped developers evaluate the quality and trustworthiness of Al-generated code
and make informed decisions. The study contributes to understanding how developers
build trust in Al-powered code generation tools through their participation in online
communities. This study illuminates how online community participation can influence
trust development in Al technologies, emphasizing the nuanced interplay between
communal feedback and individual trust assessment.

The scrutiny of Al news credibility, influenced by media consumption, public
dialogue, and social trust, highlights the pivotal role of trust in Al systems, particularly
regarding its broader societal impacts. However, one of the most direct and profound
effects is observed within specialized educational settings, where the dynamics of trust
and technology converge with pedagogical practices. Amoozadeh et al. (2023) examined
the influence of trust in Generative Al (GenAl) on students’ engagement and learning
outcomes within computer science education. The primary objective was to discern how
variations in trust levels among students affect their use of GenAl tools, thereby
impacting their motivation, confidence, and proficiency in programming. This study was

conducted using a survey administered to 253 students from the University of Houston
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and the Indian Institute of Technology Kanpur to capture a diverse demographic
spectrum, including first-generation and continuing-generation students from
undergraduate to graduate levels. The authors hypothesized that students' trust in GenAl
would be positively related to their motivation, confidence, and knowledge of
programming. To measure these variables, they utilized instruments adapted from
existing "trust in AI" tools (Kd&rber, 2019). These instruments included Likert-scale items
assessing trust based on the system's output comparability to a competent human and
overall reliability. The demographic profile of participants included 210 males, 39
females, and 4 identifying as 'Other’, highlighting a significant gender disparity that could
influence trust dynamics. The survey explored various aspects of GenAl usage, trust
levels, and perceptions of Al tools within programming education. Findings indicated a
spectrum of trust levels, where 16% of students expressed distrust, 36% remained neutral,
and 47% exhibited trust in GenAl. A positive correlation was found between higher trust
levels and increased motivation and confidence in programming for first-generation
students. This study contributes to the broader discourse on trust in Al by elucidating its
critical role in educational settings, particularly in computer science. The variations in
trust, influenced by demographic and educational backgrounds, underscore the need for
tailored educational strategies that enhance understanding and mitigate biases inherent in
Al systems.

This understanding of trust’s influence sets the stage for further exploration into
user interactions with Al across different contexts. Hyun et al. (2023) extended this

investigation by determining the influence of specific motivations (e.g., information
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seeking and task efficiency, personalization, social interaction, and playfulness) on user
perceptions, particularly feelings of creepiness and trust towards Al technologies like
ChatGPT. Four hundred twenty one participants completed instruments adapted from
previous research: Information seeking was measured using items from Leung and Wei
(1998; Rubin, 1983), task efficiency and social interaction used slightly modified items
from Choi and Drumwright (2021), personalization was assessed with items from Baek
and Morimoto (2012), playfulness was measured using items from Kim and Baek (2022),
creepiness was evaluated with items from Rajaobelina et al. (2021), and trust was gauged
using items from Kim and Baek (2022). Results indicated that task efficiency and social
interaction unexpectedly increased perceptions of creepiness, contrary to the
hypothesized relationships. Conversely, personalization appeared to decrease creepiness
and enhance trust, aligning with predictions. These outcomes highlight the dynamics
between user motivations and their psychological reactions to Al, suggesting that not all
functionalities perceived as efficient or interactive are comforting or trust-enhancing.
Their findings suggest that while some user motivations can enhance trust, others might
unexpectedly elevate feelings of creepiness, thereby complicating the trust landscape in
Al interactions. Understanding these dynamics is essential for designing Al systems that
are user-friendly and capable of fostering trust rather than discomfort.
Locus of Control

The studies reviewed so far highlight the need to consider other psychological
traits that could moderate interactions between humans and Al. One such trait is locus of

control, which refers to an individual’s belief system regarding the extent to which they
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can control events affecting them. This trait is particularly salient in the context of Al,
where it could influence user perceptions significantly; individuals with an internal locus
of control may perceive Al tools as empowering, enhancing their trust, whereas those
with an external locus might view these technologies as threatening or manipulative
(Rotter, 1966).

Novozhilova et al. (2024) conducted a study into U.S. public attitudes toward the
potential automation of various occupational roles, including therapy, surgical teams, air
traffic control, construction sites, news desks, stock investments, and customer service,
among others, to examine how individual traits such as locus of control, perceived
technological competence, and innovativeness influenced these attitudes. The authors
hypothesized that public comfort with Al's role in different occupational domains would
be influenced by the likelihood of those domains being automated. Additionally, they
predicted that individual traits, such as locus of control, perceived technological
competence, and innovativeness, would significantly impact these attitudes. To measure
comfort levels with Al managing roles from high-risk sectors like air traffic control to
routine tasks like supermarket management, Participants (N = 1150) rated their comfort
with Al on a five-point Likert-type scale; to measure individual traits participants
completed the 13-item Locus of Control scale (Rotter, 1966) and the 7-item Perceived
Technology Competence scale (Katz & Halpern, 2013). The shortened version of the
Hurt et al. (1977) scale measured innovativeness and demographic information was also
collected. Results revealed that participants with higher incomes, males, and those with

greater perceived technological competence demonstrated increased comfort with Al



52

across all domains. Conversely, those with a higher internal locus of control, indicating a
preference for personal control over outcomes, showed decreased comfort with Al
management. These findings suggest that individual perceptions of control and
technological proficiency significantly shape attitudes toward Al in occupational settings.
By highlighting the significant role of individual differences in shaping attitudes toward
Al, this study provides a vital perspective for future Al implementations, advocating for a
user-centric approach that accommodates a wide range of psychological profiles and
fosters greater acceptance and trust in Al technologies.

Building upon the insights into individual differences and their impact on Al
acceptance, Sharan and Romano (2020) examine the relationship between personality
factors (e.g., locus of control) trust in Al vs human advisors. Their study specifically
examined how dispositional differences, measured using the Big Five Inventory (John &
Srivastava, 1999) and the Internal Control Index (Rotter, 1966) influence individual trust,
using decision-making scenarios involving both Al and human advisors. A total of 171
participants engaged in a card-game-based decision-making task designed to measure
trust through various behavioral indicators: reaction times to suggestions, agreement with
those suggestions (concordance), and self-reported trust ratings. The authors
hypothesized that traits such as extraversion, agreeableness, openness, neuroticism, and
conscientiousness would influence trust dynamics differently in interactions with Al and
human advisors. Moreover, they posited that locus of control would have a significant
moderating effect on these relationships, expecting that higher internal locus of control

levels would correlate with greater trust in autonomous systems. Results revealed that
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higher levels of locus of control led to lower trust in both Al and human suggestions,
contradicting the initial hypothesis that it would bolster trust. The authors suggested that
individuals with a high internal locus of control tend to rely more on their own judgment
and experience a greater need to be in control of their decisions, which may explain their
reduced trust in external suggestions from both Al and human advisors. Additionally,
neuroticism was negatively associated with trust ratings.

Echoing the influence of individual psychological characteristics on technology
acceptance, Kraus et al. (2020) examined the mediating potential of emotion (i.e.,
anxiety) on the relationship between personality traits (i.e., depression, self-esteem, self-
efficacy, locus of control) and trust with automation technology. They hypothesized that
depressiveness would be negatively related to trust and self-esteem, self-efficacy, and
locus of control would be positively related to trust in an automated driving system.
Anxiety was expected to mediate these relationships. Participants (N = 47) completed the
Beck Depression Inventory-II (Beck, 1961), the Locus of Control Scale (Rotter, 1966),
the Rosenberg Self-Esteem Scale (Ferring & Filipp, 1996), the General Self-Efficacy
Scale Jerusalem & Schwarzer, 1999), State-Trait Anxiety Inventory (Marteau & Bekker,
1992), and the Automation Trust Scale (Jian et al., 2000). The results supported their
hypotheses, revealing that higher levels of depressiveness negatively affected trust in
automation, while higher self-esteem and self-efficacy were related to increased trust.
Specifically, results showed that as depressive symptoms increased, participants reported
lower trust levels in automated driving systems, while increases in self-esteem was

related to increased trust in these systems. Unexpectedly, locus of control was not related



54

to trust levels in automation. This may indicate that the influence of locus of control on
trust might be more complex or context-dependent than previously thought, and it may
interact with other factors in ways that were not captured in this specific study setting.
Additionally, the mediating role of anxiety was clearly demonstrated, indicating that
higher anxiety levels can diminish trust in automated systems. This mediation suggests
that anxiety could offset the positive impacts of high self-esteem and self-efficacy on
trust in automation, particularly under conditions of uncertainty or perceived risk
associated with automated technologies. The study by Kraus et al. (2020) advances our
understanding of how psychological traits and anxiety influence trust in automated
technologies, emphasizing the importance of considering both stable personality traits
and transient emotional states in Al design.

Collectively, these studies form a coherent narrative that underscores the
multifaceted nature of trust in Al, highlighting the pivotal role of locus of control
alongside other psychological traits. This nuanced understanding remains critical for
developing Al systems that are not only technologically advanced but also
psychologically attuned to the diverse needs of users. Insights from these studies can help
inform future research and potentially guide Al developers in enhancing the efficacy and
acceptance of Al technologies, ensuring they align more closely with user expectations
and psychological profiles.

Self-Efficacy
Exploring the psychological underpinnings that govern technology use, the

subsequent study by Compeau and Higgins shifts focus to internal belief systems,
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specifically computer self-efficacy, that enable users to harness technology effectively.
This progression underscores a shift from external attributes of robots and Al that inspire
trust to the internal attributes of users that facilitate competent technology engagement.

Compeau and Higgins (1995) examined the role of computer self-efficacy in
enhancing computer usage. The study aimed to develop and further validate the newly
developed 10-item measure of computer self-efficacy and examine its impact on users'
expectations, emotional reactions, and actual computer use. The authors hypothesized
that social encouragement, organizational support, and observing others use computers
would positively influence individuals' self-efficacy and subsequent interactions with
technology. Participants (N = 2,100) were managers and professionals, predominantly
male (83%) who completed the 10-item Computer Self-Efficacy Scale (developed by the
authors) to assess beliefs about their capabilities to use computers effectively.
Additionally, they used the Encouragement by Others Scale (e.g., "My colleagues
encourage me to use computers"; Burhardt & Brass, 1990) and the Organizational
Support Scale (e.g., "My organization provides adequate resources for computer
training"; Thompson et al., 1991). The survey was conducted through a combination of
pilot (100 participants) and main studies, capturing a comprehensive view of the role of
computer self-efficacy across different organizational contexts.

As predicted, results indicated positive relationships between encouragement
from others and organizational support with computer self-efficacy, positively affecting
user emotions and negatively correlated with user anxiety. Using hierarchical linear

regression models, the findings revealed significant positive correlations between
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supportive factors (i.e., encouragement from others and organizational support) and
individuals' computer self-efficacy. Increased self-efficacy was significantly and
positively associated with enhanced positive emotions towards computer use and a
reduction in anxiety. These changes in emotions and anxiety were linked to more
frequent and effective computer use. The supportive factors accounted for a significant
portion of the variance in computer self-efficacy, highlighting their critical role in
reducing anxiety and boosting user affect, thereby fostering better computer usage habits.
These findings highlighted the critical role of environmental and social support in
enhancing self-efficacy, directly impacting users' emotional experiences and behavior
towards technology.

While Compeau and Higgins (1995) focused on developing and validating a
measure of computer self-efficacy and its impact on usage, Torkzadeh et al. (2003) aimed
to deepen the understanding of this construct by testing a 4-factor model of computer
self-efficacy. To that end, Torkzadeh et al. examined the structure of computer self-
efficacy by examining the relationship between individuals' self-perceptions of their
computer-related capabilities and their engagement and performance with technology.
This model included dimensions such as beginning skills, file and software management
skills, advanced skills, and mainframe skills, specifically tailored to reflect the
progressive complexity of computer-related tasks. They employed the revised Computer
Self-Efficacy Scale (CSES) originally developed by Murphy et al. (1989), a self-report
questionnaire that assesses individuals' perceptions of their capability in specific

computer-related knowledge and skills areas, including beginning skills, file and software
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skills, advanced skills, and mainframe skills. The study was conducted with 414
undergraduate business students, evenly distributed between 202 male and 212 female
students, enrolled in an introductory computer course. The findings revealed that
beginning skills were positively correlated with file and software skills, advanced skills,
and mainframe skills; file and software skills were positively related to advanced skills
and mainframe skills; advanced skills were positively related to mainframe skills. These
positive associations indicated a cohesive structure of the model and validated its
multidimensionality, showing that as self-efficacy in one area increases, so does self-
efficacy in the others. These findings underscore the importance of designing educational
programs that specifically aim to bolster self-efficacy, which is critical for fostering
effective technology use and enhancing trust in Al

Montag et al. (2023) investigated the relationships among technology self-
efficacy, trust in (automated) technology, and their impacts on the fear and acceptance of
Al, hypothesizing that trust in technology would mediate the relationship between self-
efficacy and acceptance (or fear) of Al. To test these hypotheses, the researchers
employed several well-established instruments: the Technology Self-Efficacy Scale
(Holcomb et al., 2004), the Propensity to Trust in (Automated) Technology Scale (Merritt
et al., 2013), and the Attitudes Towards Artificial Intelligence Scale (Sindermann, 2021).
The sample comprised 289 participants, ranging in age from 18 to 70, with a mean age of
29.26 years. The demographic makeup was notably skewed, consisting of 73 males and
216 females, a disparity that the researchers acknowledged could influence the

generalizability of the findings. Education levels varied, providing a broad insight into
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societal attitudes towards Al. Their findings revealed significant positive correlations
between technology self-efficacy, trust in (automated) technology, and acceptance of Al,
suggesting that individuals who feel more capable in their interactions with technology
are also more likely to trust and accept Al systems. Conversely, there were significant
negative correlations between technology self-efficacy and fear of Al, suggesting that as
individuals' confidence in their technological abilities increases, their fear of Al
decreases. The mediation analysis further clarified these relationships, showing that trust
in technology plays a crucial mediating role. Specifically, the mediation models revealed
that the effect of technology self-efficacy on acceptance of Al was partially mediated by
trust in technology, meaning that higher self-efficacy in technology not only directly
contributes to greater acceptance of Al but also does so indirectly by fostering greater
trust in technological systems. The same mediating effect of trust was observed in
relation to fear of Al, with higher technology self-efficacy reducing fear through
enhanced trust.

To extend the role self-efficacy plays in technology interaction, Choi (2021)
investigated the acceptance of Al technology, focusing on the factors influencing
employee acceptance of Al technology within service sectors. The authors hypothesized
that role clarity, motivation, user ability (i.e., self-efficacy), privacy concerns, and trust
would significantly influence employees' willingness to integrate Al into their workflows.
Specifically, it was proposed that clear role definitions, high motivation, and strong user
ability would positively affect Al acceptance, while privacy concerns would negatively

impact acceptance and trust would enhance the positive effects of user ability on
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acceptance. The study utilized a detailed survey methodology, incorporating scales
specifically adapted for measuring role clarity, motivation, user ability, privacy concerns,
and trust. These included Korean employees (N = 454) recruited through a online survey
platform completed the Role Conflict and Ambiguity Scale (Rizzo et al., 1970) and the
Trust in Technology Scale (Jarvenpaa et al., 1999). As predicted, findings revealed
positive correlations, with role clarity, motivation, and user ability significantly
increasing employees' willingness to accept Al. Privacy concerns negatively moderated
the relationship between role clarity and acceptance, by decreasing acceptance levels
when privacy concerns were high. Conversely, trust significantly moderated, by
strengthening, the positive influence of user ability on acceptance. These results
underscore the importance of clear role definitions, motivational factors, and trust-
building measures in Al deployment strategies within organizations. Such findings are
critical for Al developers and organizational leaders aiming to implement Al
technologies that align with employee expectations and adhere to ethical standards,
enhancing overall trust in Al systems.

Collectively, these studies form a coherent narrative that underscores the
multifaceted nature of trust in Al, highlighting the pivotal role of locus of control
alongside other psychological traits such as self-efficacy, privacy concerns, and trust
dynamics. This nuanced understanding remains essential for developing Al systems that
are not only technologically advanced but also psychologically attuned to the diverse
needs of users. By incorporating these insights into the design and implementation of Al,

researchers and developers can enhance the efficacy and acceptance of Al technologies,
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ensuring they align more closely with user expectations and psychological profiles.
Chapter 3 will present the research design, sampling strategy, methodology, recruitment,
and data collection procedures. It will also discuss the instrumentation, data analysis plan,

threats to validity, and ethical considerations, as they apply to the proposed study.



61
Chapter 3: Research Method

The purpose of the proposed study was to determine the extent to which locus of
control moderates the relationship between self-efficacy and trust in Al among English-
speaking adults between 22 and 55 living in the United States. Chapter 3 includes a
detailed discussion of the sample, sampling methods, recruitment procedures, inclusion
and exclusion criteria, and data collection procedures. Instruments to measure variables
are discussed in terms of their validity, reliability, and justification for use in this study.
Additionally, I will outline the data analysis plan, including multiple regression. The
chapter concludes with a discussion of potential threats to validity and ethical
considerations related to participant recruitment, data collection, and analysis.

Research Design and Rationale

I employed a cross-sectional quantitative survey design to determine the extent to
which locus of control moderates the relationship between self-efficacy and trust in Al
among English-speaking adults between 22 and 55 years living in the United States. The
cross-sectional design was appropriate, as data were gathered at a single point in time. A
quantitative survey design was the most suitable approach for this research, as it
facilitated analysis of relationships between variables of interest. Surveys were
distributed online via MTurk, which is an efficient means for reaching a broad and
diverse participant base. This method was chosen due to time and cost advantages which
are typical of online survey distribution methods. Using MTurk allowed for inclusion of a
diverse population, enhancing external validity of findings by ensuring representation

beyond specialized groups.
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Methodology

Population

The target population for this study was English-speaking adults between 22 and
55 living in the United States. This age range was selected to ensure participants were
within the working-age population and were therefore likely to have regular interactions
with Al technologies in various contexts, such as in the workplace or through consumer
applications. For the purposes of this study, the population included individuals from
diverse educational and professional backgrounds, ensuring a broad representation of
experiences with Al.

According to the U.S. Census Bureau (2023), the population of adults between 22
and 55 encompasses a significant portion of the working age demographic, with over 100
million individuals. Of these, approximately 78.5% are English speakers or speak English
fluently, narrowing the target population to approximately 78.5 million adults (U.S.
Census Bureau, 2021).

With the increasing integration of Al into everyday life, a significant portion of
U.S. adults interact with Al-driven technologies. For instance, 47% of Americans report
regularly using Al-powered digital voice assistants such as Siri and Alexa primarily on
smartphones and smart home devices (Olmstead, 2017). Al is also making strides in
terms of customer service where 91.9% of users have interacted with Al-based customer
service systems such as chatbots; 88.5% noted Al in this area has become common
(Chaturvedi et al., 2023). In the workplace, over 50% of U.S. companies have adopted Al

tools to improve productivity, with sectors such as technology and finance most
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prominent (Eastwood, 2022). These advancements reflect a growing reliance on Al
technologies across both personal and professional contexts. As a result, approximately
62.97% of English-speaking American adults regularly interact with Al technologies in
both personal and professional contexts. This brings the estimated total population for
this study to approximately 49.4 million. This large and diverse population base was
necessary to capture a wide range of perspectives on self-efficacy, locus of control, and
trust in Al, providing a robust foundation for analysis.

Sampling and Sampling Procedures

A convenience sampling strategy was employed for this study. Participants were
recruited using MTurk. To be included in this study, participants were required to be
between 22 and 55 and English-speaking adults living in the United States. I excluded
individuals under the age of 22 or over 55, non-English speakers, and individuals residing
outside the United States. This was to ensure consistency in terms of language
proficiency and cultural background regarding Al use and trust.

To determine the minimum sample size for the study, a power analysis using
G*Power 3.1 was completed. The minimum recommended sample size was calculated
using an alpha level of 0.05, power of 0.80, and estimated effect size of 0.15 for the
moderator. Analysis included one tested predictor (interaction variable) and three total
predictor variables (locus of control, self-efficacy, and the interaction variable). The
recommended sample size as a result of these parameters was 89 participants. To account

for potential participant dropout or incomplete responses, oversampling was conducted to
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ensure sufficient data for analysis. Additionally, data cleaning procedures were used to
remove cases with incomplete data.

The estimated effect size was chosen based on previous empirical research
examining relationships between psychological traits and trust in technology. Studies
exploring the role of self-efficacy and locus of control in terms of shaping trust in
technology reported small to medium effect sizes. Rotter (1966) demonstrated locus of
control significantly influences trust in external systems, with effect sizes typically
ranging from small to medium (rs = .20 to .30). Similarly, Bandura (1977) stated self-
efficacy had a positive impact on confidence in technology use. Moderation effects in
psychological studies, particularly those involving individual traits such as self-efficacy
and locus of control, often yield small to moderate effect sizes (Aguinis et al., 2005).
Therefore, an estimated effect size of 0.15 for the moderation effect in this study was
consistent with existing literature in the field and provided a robust basis for sample size
determination.

Procedures for Recruitment, Participation, and Data Collection

With IRB approval, participants were recruited using MTurk. MTurk provided a
diverse participant pool which was used to recruit English-speaking adults between 22
and 55 living in the United States. Recruitment was facilitated through MTurk’s built-in
filtering system to ensure only participants who met eligibility criteria could participate.

To participate in the study, individuals were first presented with informed consent
forms directly via MTurk. This consent form outlined the purpose of the study, privacy-

related concerns, the voluntary nature of participation, and risks and benefits. To
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maintain participant anonymity, participants were required to indicate their agreement.
Responses were collected anonymously, ensuring no identifying information was
required or recorded. Those who selected the disagree option or did not meet inclusion
criteria were automatically redirected to a thank you page, where they were thanked for
their time and interest. Participants who consented and met eligibility criteria then
proceeded to the survey, which included demographic questions regarding age, gender,
race, education level, and employment status. The survey also included self-report
instruments to measure locus of control, self-efficacy, and trust in Al. The survey was
expected to take approximately 25 minutes to complete.

At the conclusion of the survey, participants were directed to a debriefing page
that provided additional details about the study, clarified any potential
misunderstandings, and offered contact information for mental health resources in case
participants experienced discomfort during or after the study. Participants were also
provided with Walden University’s participant advocate should they have any questions
or if they wished to receive a summary of the study’s results once the study was
completed.

Instrumentation and Operationalization of Constructs
Demographic Questionnaire

A demographic questionnaire was administered to gather basic participant
information and verify eligibility, including participants' age, gender, race, education
level, employment status, and state of residence. In addition to these basic demographic

questions, the survey also asked participants to provide information on their experience
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with Al technologies, such as the types of Al systems they use (e.g., personal assistants,
Al-powered customer service tools, workplace tools), the frequency of their interactions,
and the primary contexts in which they use Al (personal or professional). The
demographic questionnaire was expected to take approximately five minutes to complete.
Digital Technology Self-Efficacy Scale (DTSES)

The Digital Technology Self-Efficacy Scale (DTSES), adapted by Hughes (2013)
from the Computer Self-Efficacy Scale originally developed by Cassidy and Eachus
(2002), was used to measure participants' confidence in their ability to engage with and
effectively use digital technology. The DTSES consists of 17 items, with responses rated
on a 4-point Likert scale ranging from 1 (strongly disagree) to 4 (strongly agree). Several
items are reverse-coded to ensure consistency in scoring direction. Sample items include
statements such as "I find working with digital technology very easy" and "I often have
difficulties when trying to learn how to use a new software package or online
application." The DTSES is scored by summing individual responses, yielding total
scores from 17 to 68. Higher scores indicate greater digital technology self-efficacy. The
DTSES has been effectively used in research exploring confidence and attitudes toward
digital technology, making it relevant for assessing user interactions with Al-driven
systems. Completion of the DTSES typically takes approximately seven minutes. This
scale is publicly available for research use without author permission (Hughes, 2013).

Previous research using the DTSES has demonstrated strong psychometric
properties, including high internal consistency reliability and robust construct validity.

Hughes (2013) reported high reliability, with Cronbach’s alpha coefficients ranging from
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956 to .960 across three distinct samples, indicating excellent internal consistency.
Similarly, Ok, Hughes, and Lee (2017) found comparable internal consistency, reporting
Cronbach’s alpha values between .941 and .965 in separate samples, further supporting
the reliability of the DTSES. Construct validity was established through exploratory and
confirmatory factor analyses, indicating a clear and stable factor structure across multiple
studies (Holcomb et al., 2004; Hughes, 2013). Additionally, Hughes (2013) demonstrated
good convergent validity through positive correlations between DTSES scores and
related measures of technology integration confidence, further supporting its validity as a
measure of digital technology self-efficacy.
Rotter’s Internal-External Locus of Control Scale

Rotter’s Internal-External Locus of Control Scale (Rotter, 1966) was used to
measure participants' beliefs about the control they have over the outcomes of their
actions. Given the increasing use of Al in decision-making, understanding whether
individuals attribute outcomes to their own actions (internal locus) or external factors
(external locus) is particularly important. Individuals with a more internal locus of
control may feel empowered by Al tools, while those with an external locus may view
them as unpredictable or even threatening (Rotter, 1966). The scale consists of 23 forced-
choice items, where participants must choose between two opposing statements reflecting
either an internal or external locus of control. Sample items include statements such as, "I
believe my success depends mostly on my effort" (internal) vs. "Luck plays a big part in
my success" (external). Participants’ responses were summed to produce an overall score,

with higher scores indicating a more external locus of control and lower scores reflecting
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a more internal locus of control. This scale took approximately 8 minutes to complete.
Rotter’s Internal-External Locus of Control Scale is in the public domain and may be
used for research purposes without author permission.

Rotter’s Internal-External Locus of Control Scale has been widely used in
psychological research for decades, showing strong reliability and validity. The scale has
demonstrated high internal consistency, with Cronbach’s alpha values typically ranging
from .74 to .85 across different populations and research settings. (Beretvas et al., 2008;
Lefcourt, 1991). Studies have also shown high test-retest reliability over extended
periods, with reported correlations of » =.70 to » =.75 over a one-year period (Rotter,
1966).

In terms of validity, Rotter's scale has consistently shown convergent validity
with related constructs such as self-efficacy and self-esteem, correlating with measures of
self-efficacy in the range of » = .30 to .50 (Lefcourt, 1991). The scale has also been used
successfully in a variety of cultural contexts, further supporting its robustness as a
measure of locus of control (Berry et al., 1992; Furnham & Steele, 1993). Although
Rotter's scale was developed in the 1960s, it has been successfully applied in modern
contexts, including studies on technology adoption and trust in automation (Sharan &
Romano, 2020; Taffesse & Tadesse, 2017; Hsia et al., 2014).

Trust in Automation Scale

The Trust in Automation Scale (Jian et al., 2000) was used to measure

participants' general trust in automation systems. The original scale was developed to

assess cognitive trust (beliefs about the competence and reliability of automation) and
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affective trust (emotional comfort and willingness to rely on automated systems). This
distinction is important, as users may cognitively trust Al but still feel hesitant to rely on
it in critical situations (Jian et al., 2000). The scale comprises 12 items designed to
capture participants' attitudes toward automation reliability, functionality, and
predictability. Example items include statements such as "I trust the system to make
decisions without supervision" and "I feel comfortable relying on the system for
important tasks." Participants rated their agreement with each statement on a 7-point
Likert scale ranging from 1 (not at all) to 7 (extremely). Scores were summed across
items, with higher scores indicating greater trust in automated systems. Completion of
this scale took approximately five minutes. The Trust in Automation Scale is publicly
available for research use without author permission (Jian et al., 2000).

Given that this study specifically focused on Al systems, participants were
explicitly instructed prior to completing the Trust in Automation Scale that "the system"
referred to Al tools and systems. Although examples of Al (e.g., voice assistants,
chatbots, recommendation systems, productivity tools, autonomous systems) were
provided earlier in the survey during demographic questions, they were not explicitly
repeated within the trust items themselves. This approach posed a limitation, as
participants' interpretations of "AI" may have varied depending on their personal
experience and understanding, potentially influencing their responses and affecting the
precision of trust measurement

The Trust in Automation Scale has demonstrated high internal consistency, with

Cronbach’s alpha values ranging from .88 to .92 in previous research (Jian et al., 2000).
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Additionally, the scale has shown strong test-retest reliability, with a correlation of » =
.84 over a 2-week period. Reliability has been demonstrated across various domains,
including healthcare, aviation, and autonomous vehicle research (Jian et al., 2000; Lee &
See, 2004). For example, Lee and See (2004) highlighted its use in assessing trust in
automated systems in high-stakes environments, such as aviation and autonomous
vehicles.

The scale demonstrates good construct validity, with Jian et al. (2000) reporting
significant correlations with related measures, including the Human-Robot Interaction
Trust Scale (r = .68) and trust constructs from the Technology Acceptance Model (r =
.64). Discriminant validity was supported by weak correlations with theoretically
unrelated constructs, such as anxiety and general attitudes toward technology (r < .30;
Jian et al., 2000).

Data Analysis Plan

All data were downloaded from MTurk platform directly into SPSS version 29.0
for analysis. Multiple regression with moderation was performed to assess the
relationships among locus of control, self-efficacy, and trust in Al, as well as to test
whether locus of control moderates the relationship between self-efficacy and trust in Al
An interaction variable was created by multiplying the two mean-centered independent
variables (i.e., locus of control x self-efficacy) to test the moderation effect.

The dependent variable (trust in Al) was regressed on the independent variables
(locus of control and self-efficacy) and the interaction variable (locus of control x self-

efficacy). The regression model was built by entering all predictors simultaneously,
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including the interaction term, to explicitly test the moderation effect. All assumptions for
multiple regression were carefully checked using SPSS to ensure the validity of the
analysis. The assumption of normality was examined by inspecting histograms and Q-Q
plots of the regression standardized residuals, supplemented by assessing skewness and
kurtosis values. Additionally, homoscedasticity was evaluated by examining scatterplots
of residuals versus predicted values, with evenly dispersed residuals indicating the
assumption was met. The assumption of independence of residuals was assessed using
the Durbin-Watson statistic; a Durbin-Watson value close to 2.0 indicated no
autocorrelation. Linearity was confirmed through visual inspection of the normal P-P plot
of standardized residuals and scatterplots, confirming a linear relationship between
observed and predicted values.

To address the assumption of multicollinearity, Variance Inflation Factor (VIF)
values were calculated for all predictors. VIF values exceeding 10 would have indicated a
potential multicollinearity problem. While multicollinearity is often a concern when
including interaction terms, Friedrich (1982) suggested that multicollinearity arising from
interaction terms may not present significant issues in certain moderation analyses, and
the model’s results were interpreted accordingly. In addition to checking these
assumptions, effect sizes and confidence intervals were calculated to provide insight into
the strength and precision of the relationships examined. All statistical analyses were
conducted with a significance level of p <.05, and any potential violations of

assumptions were carefully reviewed to ensure the robustness of the findings.
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Research Questions

RQ1: Does locus of control predict trust in AI?

Ho1: Locus of control does not predict trust in Al

H,1: Locus of control does predict trust in Al

RQ2: Does self-efficacy predict trust in AI?

Ho2: Self-efficacy does not predict trust in Al

H,2. Selt-efficacy does predict trust in Al

RQ3: Does locus of control moderate the relationship between self-efficacy and
trust in AI?

Ho3: Locus of control does not moderate the relationship between self-efficacy
and trust in Al

H.,3: Locus of control does moderate the relationship between self-efficacy and
trust in AL

Threats to Validity

Several potential threats to validity were associated with the design and sampling
method used in this study. The first potential threat was related to the sampling strategy.
With a convenience sampling method via Amazon Mechanical Turk (MTurk), there was
a risk of selection bias, as participants who chose to respond might differ significantly
from those who did not. This could limit the generalizability of the findings to the
broader population. To reduce the impact of selection bias, demographic screening
criteria were applied to ensure that the sample included a diverse range of participants in

terms of age, gender, educational background, and geographic location. Additionally,
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MTurk has been recognized for providing a more diverse and representative sample than
traditional convenience sampling methods (Buhrmester et al., 2016), which further
mitigated the risk of bias.

Another threat to validity was nonresponse bias, which could occur if participants
did not complete the entire survey or dropped out partway through. Nonresponse bias was
a concern because it could indicate systematic differences between those who completed
the survey and those who did not. For instance, individuals with lower levels of trust in
Al or who were less confident in using technology might have been more likely to
abandon the survey. To minimize this threat, the survey was structured in a way that
encouraged completion, with participants reminded that the study was anonymous.
Additionally, participants were unable to skip questions, reducing the risk of missing data
due to incomplete responses. If a participant chose not to complete the survey, their data
were excluded from the analysis.

There was also a potential risk of social desirability bias, where participants might
provide responses that they believed were more socially acceptable or favorable rather
than being fully honest. This was especially relevant when assessing self-efficacy and
trust in Al, as participants might have felt pressure to portray themselves as more
confident or trusting of Al technologies than they truly were. To mitigate this risk,
participants were reminded multiple times throughout the survey that their responses
were anonymous, and that no identifying information would be collected. This anonymity
was expected to encourage more honest and candid responses, thereby reducing the

likelihood of social desirability bias.
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Lastly, the use of self-reported measures introduced a risk of response bias, where
participants' subjective interpretations of the questions might influence the accuracy of
the data. Although this could not be eliminated entirely, using well-validated instruments
such as the Digital Technology Self-Efficacy Scale, Rotter’s Internal-External Locus of
Control Scale, and the Trust in Automation Scale helped ensure that the measures were
reliable and valid. Additionally, instructions were clearly stated to reduce potential
confusion among participants.

Ethical Procedures

Before any data collection began, approval was obtained from Walden
University’s Institutional Review Board (IRB) to ensure that the study met all ethical
guidelines. Participants were provided with an informed consent form, offering a brief
description of the study, including its purpose, potential risks and benefits, and their
privacy rights. Participation in the study was voluntary, and participants were informed
that they could withdraw at any time without penalty. The survey was administered
anonymously via Amazon Mechanical Turk (MTurk); no identifying information was
collected at any point, thereby minimizing any risks to participant privacy. Given that this
study involved the assessment of locus of control, self-efficacy, and trust in Al, no
foreseeable psychological or emotional risks were anticipated. However, to ensure
participants' comfort, they were reminded in the consent form that they could discontinue
the survey at any point if they felt uncomfortable.

In terms of data security, all survey responses were encrypted and stored on

MTurk’s secure platform until they were transferred to SPSS for data analysis. Once the
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data were downloaded, they were stored on a password-protected computer accessible
only by the researcher. The data will be retained for five years following the completion
of the study, after which they will be securely deleted in accordance with Walden
University’s data retention policy. Participants were also assured of the anonymity of
their responses. No identifying information was linked to the data at any point, ensuring
complete anonymity. Additionally, all participants were given clear instructions in the
informed consent form on how to contact me or Walden University’s participant advocate
if they had any questions or concerns about the study. Overall, these procedures were
designed to safeguard participant privacy and ensure ethical treatment throughout the
research process.
Summary

The purpose of this study was to address a gap in literature by determining the
extent to which locus of control moderated the relationship between self-efficacy and
trust in Al among English-speaking adults between 22 and 55 living in the United States.
I employed a quantitative correlational cross-sectional survey design using MTurk for
participant recruitment and administration of surveys. To be included in the study,
participants had to be English-speaking adults within the specified age range and residing
in the United States. Participants used Rotter’s Internal-External Locus of Control Scale,
the DTSES, and the Trust in Automation Scale. Data were analyzed using multiple
regression with moderation to examine the moderating influence of locus of control on
the relationship between self-efficacy and trust in Al. All assumptions of multiple

regression were thoroughly checked for compliance.
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Potential threats to validity, such as selection bias, nonresponse bias, and social
desirability bias, were identified, and strategies were outlined to mitigate these risks.
Ethical considerations were thoroughly addressed, including participant privacy,
anonymity, and data security. IRB approval was obtained before any data collection took
place. Data will be stored securely and deleted after 5 years in compliance with data
retention policies.

Chapter 4 includes results of the study, including descriptive statistics, regression

analyses, and a discussion of findings in relation to research questions and hypotheses.
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Chapter 4: Results

The purpose of this quantitative study was to determine the extent to which locus
of control moderates the relationship between self-efficacy and trust in Al among
English-speaking adults between 22 and 55 living in the United States. [ used multiple
regression with moderation to address this topic.

This chapter includes results of statistical analyses that were conducted to address
research questions, beginning with an overview of the data collection process and
description of the sample, including recruitment, response rates, and demographic
characteristics. Next, I address descriptive statistics involving study variables, followed
by assumption testing for multiple regression, including assessments of normality,
linearity, homoscedasticity, and multicollinearity. Results of multiple regression analyses
to test hypotheses are reported. The chapter concludes with a summary of findings.

Research Questions and Hypotheses
RQ1: Does locus of control predict trust in AI?

Ho1: Locus of control does not predict trust in Al

Ha1: Locus of control does predict trust in Al
RQ2: Does self-efficacy predict trust in AI?

Hoo: Self-efficacy does not predict trust in Al

H: Self-efficacy does predict trust in Al
RQ3: Does locus of control moderate the relationship between self-efficacy and trust in

Al?
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Hys: Locus of control does not moderate the relationship between self-efficacy
and trust in Al

H,s: Locus of control does moderate the relationship between self-efficacy and
trust in AL

Data Collection

Initial recruitment was conducted using MTurk. All participants were required to
be English-speaking adults between 22 and 55 residing in the United States. MTurk’s
built-in screening tools were used to ensure only eligible participants could access
surveys. Individuals who did not meet criteria were automatically excluded. While
G*Power 3.1 determined that a minimum sample size of 89 participants was required,
oversampling was conducted to account for potential incomplete or invalid responses and
participant dropout. Data collection was completed within 1 week. The anonymous
online survey began with an informed consent form which described the purpose of the
study, participant requirements, confidentiality measures, voluntary nature of
participation, potential risks and benefits, and contact information for both me and
Walden University’s participant advocate. Participants who consented to participate
proceeded to complete surveys, while those who declined exited the platform.

Following the informed consent form, participants were asked demographic
questions regarding their age, gender, race/ethnicity, education level, employment status,
household income, disability status, frequency and context of Al interaction, and primary
types of Al systems they used. The survey also included Rotter’s Internal-External Locus

of Control Scale, the DTSES, and Trust in Automation Scale. The estimated time to



79

complete the survey was 25 minutes. A total of 125 participants initially completed the
survey. Multivariate outlier analysis using Mahalanobis distance led to identifying seven
cases that were subsequently removed to improve data integrity and meet assumptions of
multiple regression, resulting in a final sample size of 118 participants.

Of these participants, 82.2% identified as male and 17.8% as female. All
participants were between 22 and 55, which was consistent with eligibility requirements.
The majority identified as White (86.4%), followed by Asian (9.3%), Black or African
American (2.5%), and Native American or Alaska Native (1.7%). Most participants had
completed bachelor’s degrees (64.4%), followed by master’s degrees (32.2%).
Employment status was predominantly full-time (94.1%), with smaller proportions of
part-time, self-employed, unemployed, and students. The most frequently reported
household income range was $75,000 to $99,999 (46.6%). Approximately 48.3%
reported no disability, while 27.1% indicated a physical disability, 11.9% a sensory
disability, 7.6% a cognitive or learning disability, and 8.5% a mental health condition

(see Table 1).

Table 1

Participant Demographics

Variable n %
Age
22-25 3 2.5%
26-30 18 15.3%
31-35 19 16.1%
36-40 25 21.2%

41-45 34 28.8%
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46-50
51-55
Gender
Male
Female
Race/Ethnicity
White
Black or African American
Asian
Native American or Alaska Native
Education Level
Some college
Associate's degree
Bachelor's degree
Master's degree
Employment Status
Employed full-time
Employed part-time
Self-employed
Unemployed
Student
Annual Household Income
Less than $25,000
$25,000 - $49,999
$50,000 - $74,999
$75,000 - $99,999
$100,000 - $149,999
$150,000 or more
Disability Status
Physical disability
Sensory disability
Cognitive/learning disability
Mental health condition
No disability

16

97

21

102

11

76
38

111

N = W =

32
14

10
57

13.6%
2.5%

82.2%
17.8%

86.4%
2.5%
9.3%
1.7%

2.5%
0.8%
64.4%
32.2%

94.1%
0.8%
2.5%
0.8%
1.7%

8.5%
15.3%
22.0%
46.6%

4.2%

3.4%

27.1%
11.9%
7.6%
8.5%
48.3%

As for participants’ Al interaction characteristics, 53.4% reported interacting with

Al systems daily, while 31.4% interacted weekly and 12.7% interacted monthly. The

most common Al systems were chatbots such as ChatGPT or customer service bots,



which were mentioned by 55.9% of participants. Voice assistants such as Alexa or Siri
were the second most reported at 20.3%, followed by recommendation systems like

Netflix or Spotify (14.4%). The largest proportion of participants indicated using Al in
professional contexts (42.4%), while 28.8% reported using Al in personal contexts and

another 28.8% reported using Al in both personal and professional contexts. Regarding
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concerns regarding Al technologies, the most frequently reported concerns were privacy

(33.1%) and accuracy (33.1%), as well as concerns related to bias, accountability, safety,

and lack of transparency (see Table 2).

Table 2

Participant Al Interaction Characteristics

Variable n %
Al Interaction Frequency
Daily 63 53.4%
Weekly 37 31.4%
Monthly 15 12.7%
Rarely 3 2.5%
Primary Al System Type
Voice assistants 24 20.3%
Chatbots 66 55.9%
Recommendation systems 17 14.4%
Productivity tools 9 7.6%
Autonomous systems 2 1.7%
Primary Al Use Context
Personal 34 28.8%
Professional 50 42.4%
Both 34 28.8%

Because I used convenience sampling strategy rather than random sampling,
sample characteristics may not be fully representative of the broader U.S. population.
p y y rep pop

Therefore, generalization of results is limited to individuals who participated in MTurk
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surveys and met specified inclusion criteria. The final dataset was exported for statistical
analysis using SPSS Version 29.

Results
Descriptive Statistics

Means, standard deviations, and bivariate correlations for all study variables are
presented in Table 3. Digital technology self-efficacy had a mean score of 44.15 (SD =
5.45), trust in automation had a mean score of 62.16 (SD = 12.93), and locus of control
had a mean score of 34.00 (SD = 4.89). Bivariate correlations indicated that digital
technology self-efficacy and trust in automation were significantly and positively
correlated (#(118) =.238, p = .005), suggesting that higher self-efficacy was associated
with greater trust in automation. No significant relationship was observed between locus
of control and trust in automation (#(118) =-.086, p = .177), nor between digital
technology self-efficacy and locus of control (#(118) =-.142, p = .063).

Skewness and kurtosis values for all variables fell within acceptable ranges (£1),
indicating approximate normality. Although the Shapiro-Wilk tests for digital technology
self-efficacy (W(118) = 0.970, p = .01) and trust in automation (W(118) =0.925, p <
.001) were statistically significant, visual inspection of histograms and Q-Q plots
supported the assumption of normality. Locus of control demonstrated a Shapiro-Wilk
value of W(118) = 0.980, p = .074, further supporting approximate normality.

Table 3
Means, Standard Deviations, and Normality Statistics for Study Variables (N = 125)

Variable Min Max Mean SD Skewness Kurtosis
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Digital 27 55 44.15 5.45 -0.616 0.439
Technology Self-
Efficacy

Trustin 30 81 62.16 12.93 -0.779 -0.112
Automation

Locus of Control 23 46 34.00 4.89 -0.322 -0.144

Exploratory Data Analysis
Normality

Univariate outliers were evaluated by inspecting standardized residuals for each
variable. For all variables, standardized residuals ranged from -2.483 to 1.978, indicating
no univariate outliers were present in the dataset (Warner, 2013). Tests of normality were
performed using the Kolmogorov-Smirnov and Shapiro-Wilk tests. Results revealed
statistically significant findings for some variables. For digital technology self-efficacy,
the Kolmogorov-Smirnov statistic was D(118) =0.072, p = .194, and the Shapiro-Wilk
statistic was W(118) =0.970, p =.010. Trust in automation yielded a Kolmogorov-
Smirnov value of D(118) =0.139, p <.001, and a Shapiro-Wilk value of W(118) = 0.925,
p <.001. Locus of control had a Kolmogorov-Smirnov value of D(118) = 0.085, p =.037,
and a Shapiro-Wilk value of W(118) =0.980, p = .074. Although these results indicate
deviations from normality, the moderate-to-large sample size (N = 118) mitigates the
impact of minor deviations and allows for robust statistical analyses (Williams et al.,
2013).

Skewness and kurtosis statistics further supported approximate normality. For

digital technology self-efficacy, skewness was -0.616 (SE = 0.223) and kurtosis was
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0.439 (SE = 0.442). Trust in automation had skewness of -0.779 (SE = 0.223) and

kurtosis of -0.112 (SE = 0.442). Locus of control exhibited skewness of -0.322 (SE =
0.223) and kurtosis of -0.144 (SE = 0.442). All values fell within the commonly accepted
+1 range, suggesting no significant skewness or kurtosis issues.

Visual inspections of the histograms, boxplots, and Q-Q plots for each variable
were conducted to supplement the normality tests. The histograms showed near-
symmetrical distributions for digital technology self-efficacy, trust in automation, and
locus of control. Q-Q plots demonstrated reasonably straight lines with minor deviations
at the tails, suggesting slight departures from perfect normality but no serious violations.
The boxplots indicated no extreme outliers for any variable, with all data points falling
within acceptable ranges. Visualizations of the histogram of regression standardized
residuals and the normal P-P plot of regression standardized residuals are presented in
Appendix A and Appendix B, respectively.

Assumption Testing for Multiple Regression

To ensure that the data met the assumptions for multiple regression analysis,
linearity, multicollinearity, homoscedasticity, independence of residuals, and multivariate
outliers were assessed. Linearity was examined through inspection of the normal P-P plot
of regression standardized residuals and the residuals scatterplot. The P-P plot
demonstrated that the residuals closely followed the diagonal line, indicating that the data
met the assumption of linearity. Additionally, the scatterplot showed a random, evenly
distributed pattern, suggesting no violation of the linearity assumption. The scatterplots

are provided in Appendix B and C. Multicollinearity was evaluated using tolerance and
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Variance Inflation Factor (VIF) values. Tolerance values for all predictor variables
ranged from .501 to .503, and VIF values were all 1.994, falling well within acceptable
limits (VIF < 10), indicating no multicollinearity issues. Homoscedasticity was assessed
by reviewing the scatterplot of standardized residuals. The assumption of
homoscedasticity was also evaluated by visually inspecting the scatterplot of standardized
residuals against standardized predicted values (see Appendix C). The scatterplot showed
a random distribution of points without a distinct pattern or funnel-shaped spread,
indicating that the assumption of homoscedasticity was satisfactorily met. The
independence of residuals was verified using the Durbin-Watson statistic, which yielded
a value of 2.014. This value is close to the ideal value of 2.0, indicating that residuals
were independent, and autocorrelation was not present. Finally, Mahalanobis distance
was used to evaluate multivariate outliers. The maximum Mahalanobis distance observed
was 14.130, which is below the critical chi-square value of 16.27 for three predictor
variables at p <.001. No multivariate outliers remained in the dataset after screening.
Reliability of Measurements

Reliability analyses were conducted to assess the internal consistency of the
measurement instruments. Cronbach’s alpha coefficients were o = .597 for the Digital
Technology Self-Efficacy Scale, a = .854 for the Rotter Locus of Control Scale, and o =
.930 for the Trust in Automation Scale. These results indicate acceptable to excellent
internal consistency across the scales used in this study (see Table 4). Cronbach’s alpha
for the Digital Technology Self-Efficacy Scale (o = .597) reflects the internal consistency

of the scale after reverse-coding negatively worded items. While this value is below the
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commonly accepted threshold of .70, it is considered acceptable for exploratory research
(Taber, 2018).

Table 4

Cronbach’s Alpha Coefficients for Study Measures (N = 118)

Scale Number of Items i{gﬁgach’s
Digital Technology Self-Efficacy Scale 17 597
Rotter Locus of Control Scale 29 .854
Trust in Automation Scale 12 930

Multiple Regression Analysis

Standard multiple regression analysis was then conducted to examine whether
digital technology self-efficacy, locus of control, and their interaction significantly
predicted trust in automation. The predictor variables—digital technology self-efficacy
and locus of control—were mean-centered prior to analysis. An interaction term was then
created by multiplying the mean-centered predictors, resulting in the self-efficacy x locus
of control variable. All three predictors were entered simultaneously into the regression
model.

The overall regression model was not statistically significant, F(3, 114) = 2.451, p
=.067, R*=.061, Adjusted R*> = .036; see Tables 6-8). The main effect of digital
technology self-efficacy on trust in automation was not statistically significant, b = 1.189,
£ =.501,t(114) = .696, p = .488, suggesting no unique predictive value for digital
technology self-efficacy. Similarly, the main effect of locus of control was not

statistically significant, b= 0.671, f =.253, t(114) = .311, p = .756. The interaction term
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(self-efficacy x locus of control) was also not statistically significant, b =-0.018, f = -
0.381, #(114) =-0.379, p = .705.

Based on these results, I failed to reject the null hypotheses. Neither digital
technology self-efficacy, locus of control, nor their interaction significantly predicted
trust in automation in this sample. The Durbin-Watson statistic was 2.014, supporting the
assumption of independence of residuals. Additionally, inspection of residual scatterplots
and normal probability plots indicated the assumptions of homoscedasticity and
normality were met.

Table 5

Model Summary for Regression Predicting Trust in Automation

. Std. Error . .
Adjusted Changein F p- Durbin-
2
Model R R R? ofthe R? Change 4t df2 value Watson
Estimate
1 246 .061 .036 12.70 061 2.45 3 114 .067 2.01

Note. Predictors: (Constant), Digital Technology Self-Efficacy, Locus of Control, Digital
Technology Self-Efficacy x Locus of Control. Dependent Variable: Trust in Automation.

Table 6

ANOVA Summary for Regression Predicting Trust in Automation

Source Sum of Squares df Mean Square  F p
Regression 1,185.21 3 395.07 2.45 .067
Residual 18,372.73 114 161.16

Total 19,557.94 117

Note. Dependent Variable: Trust in Automation. Predictors: (Constant), Digital Technology Self-
Efficacy, Locus of Control, Digital Technology Self-Efficacy x Locus of Control.
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Table 7

Coefficients and Collinearity Diagnostics for Predictors of Trust in Automation

Variable B SE B b t p

Constant 1439 7633 - 0.189 851
Digital Technology Self-Efficacy 1.19 1.71 501 0.696 488
Locus of Control 0.67 2.16 253 0.311 756
Self-Efficacy x Locus of Control -0.02 0.05 -381 -0.379 .705

Note. Dependent variable: Trust in Al

Summary

Standard multiple regression analysis was used to examine relationships between
digital technology self-efficacy, locus of control, and trust in automation, including the
potential moderation effect of locus of control. This indicated digital technology self-
efficacy, locus of control, and their interactions did not significantly predict trust in
automation. None of the predictors individually or significantly contributed to the model.
These findings suggest digital technology self-efficacy and locus of control did not
significantly predict trust in automation, either independently or through their
interactions. Chapter 5 includes interpretation of findings as well as limitations,

implications, and directions for future research and positive social change.
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Chapter 5: Discussion, Conclusions, and Recommendations

The purpose of this study was to determine the extent to which locus of control
moderated the relationship between digital technology self-efficacy and trust in Al
among English-speaking U.S. adults between 22 and 55. With Al increasingly embedded
in critical sectors such as healthcare, customer service, and the workplace, understanding
psychological underpinnings of user trust has become essential (Esteva et al., 2019;
Hancock et al., 2011). Trust significantly influences Al acceptance, particularly in high-
stakes contexts where system reliability directly affects outcomes, patient safety and
operational success (Guznov et al., 2020; Unver & Asan, 2022). Self-efficacy and locus
of control are influential predictors of technology use and acceptance (Bandura, 1977,
Rotter, 1966). Individuals with higher self-efficacy typically demonstrate greater
confidence and trust when interacting with technology (Hancock et al., 2011; Hsu et al.,
2007). Conversely, those with a strong internal locus of control might be more cautious in
terms of adopting systems that are perceived as limiting personal autonomy (Chiou et al.,
2021). Existing studies have not explored how these traits interact to influence trust in Al

This quantitative cross-sectional study involved addressing this gap through a
survey of 118 participants who were recruited via MTurk. I employed validated measures
involving digital technology self-efficacy, locus of control, and trust in Al. Correlation
analyses indicated no significant direct relationships between digital technology self-
efficacy, locus of control, and trust in Al. A regression model incorporating digital

technology self-efficacy, locus of control, and their interactions similarly revealed no
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significant predictors of trust in Al, nor was there evidence of moderation in terms of
locus of control.

Findings from this study highlight the complexity underlying psychological
determinants of trust in Al technologies, suggesting predictive relationships involving
these factors may be more context-dependent or nuanced than previously understood. In
Chapter 5, I interpret these results within the context of existing literature, explore their
implications, discuss the study’s limitations, and provide recommendations for future
research and practice.

Interpretation of the Findings
Digital Technology Self-Efficacy

For RQ1, results indicated digital technology self-efficacy did not significantly
predict trust in Al within the regression model that included locus of control and their
interactions. Therefore, I failed to reject the null hypothesis. Individuals who feel more
competent interacting with technology are typically less anxious and more trusting
toward Al systems (Hancock et al., 2011; Hsu et al., 2007). Self-efficacy reduces
uncertainty and perceived risks associated with novel technologies, potentially increasing
individual openness and willingness to adopt automated systems (Lee & See, 2004;
Thatcher et al., 2018).

Absence of significant findings may indicate that influence on trust in Al is
contextually contingent on other psychological or situational variables. For instance,
locus of control, which is related to beliefs about personal autonomy, could theoretically

influence how individuals interpret their technological competence. Chiou et al. (2021)
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noted in specific contexts, individuals with an internal locus of control might perceive
certain Al systems as potential threats to autonomy. Internal locus of control typically
equips individuals with resilience and confidence when interacting with new technologies
(Ajzen, 2002; Rotter, 1966). Conversely, individuals with high self-efficacy combined
with an external locus of control orientation might more readily trust automation due to
greater comfort delegating decisions to external systems (Parasuraman & Riley, 1997).

Additionally, existing literature emphasizes context and specificity of Al
applications as critical factors shaping trust dynamics. Trust in Al is not uniform across
scenarios and can vary significantly based on perceived task complexity, criticality of
systems, and familiarity with specific technological functions. Thus, digital technology
self-efficacy may positively influence trust primarily in contexts where individuals
perceive alignment between their competencies and technology, therefore feeling
genuinely capable of understanding and influencing Al outputs. When systems are
perceived as opaque, complex, or high-risk, confidence via self-efficacy alone might
diminish and be overridden by perceived system transparency or accountability
(Madhavan & Wiegmann, 2007; Lyons & Stokes, 2012).
Locus of Control

In response to RQ?2, results indicated no significant direct relationship. Contrary
to existing research, participants’ locus of control, whether more internal or external, did
not significantly predict their level of trust in Al; therefore, I failed to reject the null
hypothesis. Individuals with an internal locus of control typically display greater caution

or skepticism toward automated technologies due to concerns about losing personal



92

autonomy or control (Chiou et al., 2021; Dzindolet et al., 2003). There may be several
explanations which may clarify this divergence. First, locus of control may interact more
strongly with contextual or situational variables than previously assumed, making its
impact less pronounced in terms of general measures of trust. Trust in Al varies
considerably based on specific contexts, including perceived reliability, transparency, and
criticality of Al systems (Hoff & Bashir, 2015; Lee & See, 2004). Thus, locus of control
might be more predictive in scenarios which explicitly involve personal autonomy or
direct consequences to individuals, such as healthcare or financial decision-making,
rather than broader or more abstract measures of trust that were used in this study.
Second, contemporary exposure to automation technologies, particularly among
individuals who frequently participate in online surveys through platforms such as
MTurk, might have moderated the expected effect of locus of control. Frequent and
routine interactions with automation could reduce salience of autonomy concerns for
individuals with a strong internal locus of control, thereby diminishing observable
differences in trust levels between individuals with internal and external locus of control
orientations (Glikson & Woolley, 2020). Chiou et al. (2021) suggested extensive
exposure to automation technologies might lead individuals with an internal locus of
control to recalibrate expectations regarding autonomy. Individuals with an internal locus
of control maintain their sense of agency and confidence when navigating new challenges
(Ajzen, 2002; Rotter, 1966). Influence of locus of control on technology adoption might
be indirect or mediated through perceived usefulness, perceived ease of use, or anxiety

(Ajzen, 2002; Venkatesh et al., 2012). Therefore, the absence of a direct relationship in
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this study does not preclude more complex indirect relationships that alternative analytic
approaches such as mediation analyses might be used to address.
Moderating Role of Locus of Control

For RQ3, results revealed no significant moderation effect; therefore, I failed to
reject the null hypothesis. Contrary to expectations, locus of control did not alter the
strength or direction of the relationship between digital technology self-efficacy and trust
in Al in this sample. This finding contrasts with existing literature. Locus of control
might influence the degree to which self-efficacy beliefs translate into trust, especially in
contexts where personal autonomy and control over outcomes are salient (Chiou et al.,
2021; Parasuraman & Riley, 1997).

Several plausible explanations may clarify the absence of this moderation effect.
First, the influence of locus of control on technology-related trust may depend heavily
upon context-specific factors such as the perceived risk, complexity, or autonomy
implications associated with particular Al systems (Hoff & Bashir, 2015). The broad
measure of trust in Al used in the current study may have diluted context-specific effects,
obscuring subtle moderation by locus of control that might emerge more clearly in
narrower or more targeted contexts such as medical decision-making, autonomous
driving, or financial advising. Second, the lack of moderation could reflect a more
complex relationship involving unmeasured mediating variables. For instance, perceived
transparency or explainability of the Al system could mediate or conditionally influence
how locus of control impacts trust formation (Shin, 2021; Lyons & Stokes, 2012).

Individuals with an internal locus of control, typically valuing autonomy, may depend
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heavily on system transparency to form trust judgments, whereas externally oriented
individuals might be more accepting of opaque automated processes. Without explicitly
measuring and incorporating such mediators, these nuanced relationships may remain
hidden.

Finally, demographic characteristics of the MTurk sample used in this study (i.e.,
predominantly younger, well-educated, and highly familiar with digital technologies)
could also have influenced moderation outcomes. Regular and extensive experience with
digital platforms and Al-driven tools may reduce individual differences related to
autonomy or control concerns, thereby minimizing potential moderating effects of locus
of control (Glikson & Woolley, 2020; Madhavan & Wiegmann, 2007). This
interpretation underscores the importance of investigating psychological variables in
conjunction with clearly defined contextual and situational factors.

Limitations of the Study

Several limitations should be considered when interpreting this study’s findings.
First, participants were recruited via MTurk, resulting in a convenience sample of
younger, digitally literate adults, potentially limiting generalizability to broader
populations. Research indicates MTurk participants may differ from the general
population, often demonstrating higher digital literacy and familiarity with technology-
based tasks, which can influence results and limit external validity (Walter et al., 2019).
Second, the internal consistency of the Digital Technology Self-Efficacy Scale was lower
than the typically recommended threshold. To verify this reliability result, an additional

analysis was conducted using raw scores before reverse-coding negatively worded items,
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which yielded an artificially inflated reliability estimate. This outcome occurred because
SPSS treats all items as oriented in the same direction, thus improperly inflating
reliability when reverse-coding is not correctly applied. The final reliability therefore
accurately reflected the intended scoring procedure of the scale. The relatively low
internal consistency likely reflected reduced variance within the sample, as MTurk
participants typically possess higher levels of digital self-efficacy compared to general
populations, which could attenuate reliability estimates (Chandler & Shapiro, 2016).
Third, reliance on self-report measures and a cross-sectional design introduced
additional limitations. Self-report surveys may be susceptible to response biases,
particularly social desirability bias, the tendency for respondents to present themselves in
a favorable or socially acceptable light (Grimm, 2010). Although participants were
assured of anonymity, subjective interpretation and self-presentation concerns may still
have influenced responses, affecting accuracy. Finally, the absence of a measurement tool
specifically designed to assess trust in Al at the time this study was launched, posed a
limitation. The Trust in Automation Scale used in this study was originally developed for
general automation systems. To clarify its application within this research, participants
were instructed that in the following questions, "automation" referred specifically to Al
tools and systems. However, participants' individual interpretations of "AI" may have
varied significantly based on their own experience and understanding. Although
examples of Al (e.g., voice assistants, chatbots, recommendation systems, productivity
tools, autonomous systems) were provided earlier in the survey as part of a demographic

question about frequent interactions, these examples were not explicitly reiterated in the
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trust-related questions. Without employing a measurement tool specifically designed to
assess trust in distinct types of Al technologies, or explicitly defining narrower categories
within the trust measure itself, this variability in interpretation might have influenced the
consistency and accuracy of trust measurements.

Recommendations

Although research on psychological determinants of trust in Al has increased,
important areas remain underexplored. The present study investigated the extent to which
locus of control moderated the relationship between digital technology self-efficacy and
trust in Al. Future research could enhance the robustness and generalizability of these
findings by replicating this study with more varied demographic populations beyond the
MTurk platform, such as professionals in high-stakes fields (e.g., healthcare, aviation,
finance), diverse age groups, or populations with lower digital literacy. Previous studies
indicated that demographic diversity significantly impacts trust dynamics and
psychological interactions with technology (Glikson & Woolley, 2020; Hoff & Bashir,
2015).

Additionally, future research could incorporate longitudinal designs or analytic
approaches such as path analysis to examine how relationships among digital technology
self-efficacy, locus of control, and trust in Al evolve over time. Such approaches could
provide deeper insight into temporal dynamics and directional influences within these
psychological constructs, addressing limitations associated with the analytic strategy
employed in this study (Madhavan & Wiegmann, 2007; Parasuraman & Riley, 1997).

Further exploration of additional contextual and psychological variables is recommended.
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Variables such as perceived transparency, risk perception, system explainability, and
specific situational contexts (e.g., healthcare decision-making, autonomous
transportation, financial advising) should be examined to provide more granular insights
into the trust-automation relationship (Shin, 2021; Lyons & Stokes, 2012).

Given the measurement limitations highlighted, future research should prioritize
refining existing scales or developing new validated measures designed for assessing
trust specifically in Al technologies. Narrowing the measurement focus to distinct Al
types or clearly defined contexts (e.g., specific tools such as chatbots, voice assistants,
autonomous vehicles) would enhance consistency and interpretive precision of trust
assessments. Employing scales specifically adapted for digital contexts or diverse
populations could further improve reliability and validity when studying technologically
literate or varied demographic groups.

Future studies should also carefully consider both psychological and contextual
factors to fully understand when and why digital technology self-efficacy predicts trust in
Al Investigating the interplay of competence perceptions, autonomy concerns, and
contextual specificity can provide more precise guidance on designing trustworthy Al
systems tailored to individual psychological profiles. Furthermore, examining context-
specific Al applications, exploring indirect pathways linking locus of control to trust, or
comparing populations with varying levels of digital exposure would clarify the nuanced
roles psychological constructs play in shaping human trust in AI. Employing mediation

and moderation analyses with additional variables such as anxiety, perceived usefulness,
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and task complexity could illuminate indirect pathways and further elucidate
psychological mechanisms underlying trust formation (Venkatesh et al., 2012).
Implications

The findings from this study provided meaningful implications for understanding
the psychological dynamics involved in trust toward Al technologies. Although the study
found no significant direct relationships or moderation effects involving digital
technology self-efficacy and locus of control, these results themselves hold important
implications for theory and practice. At an individual level, the absence of significant
predictive relationships suggested that factors influencing trust in Al might be more
nuanced or context-specific than previously assumed. Prior literature frequently positions
self-efficacy as a critical factor promoting technology acceptance (Lee & See, 2004;
Thatcher et al., 2018); however, this study indicated that general digital self-efficacy
might not uniformly translate to increased trust in Al technologies. Thus, it may be
important for future research and practical initiatives to explore which specific aspects of
technological competence most effectively foster trust in Al rather than assuming
universal applicability across all technology contexts or user groups.

At an organizational level, results implied that generalized measures of
psychological traits, such as locus of control, might have limited direct utility in
predicting employees’ trust in Al across broad settings. This finding aligns with literature
emphasizing that trust in automation often depends on situational variables such as
system transparency, complexity, perceived risk, or task specificity (Hoff & Bashir,

2015; Madhavan & Wiegmann, 2007). Consequently, organizations, particularly those in
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critical sectors like healthcare or finance, could prioritize contextual factors, such as the
nature of tasks automated or clarity of Al processes, when assessing potential trust
barriers among employees, rather than solely focusing on individual psychological traits
in isolation.

At a broader theoretical and methodological level, this study's findings
highlighted important limitations in existing measurement approaches, particularly
regarding trust in automation. Given that participants' individual interpretations of "AI"
likely varied widely, the study underscored the necessity of developing more precise and
context-specific tools for assessing trust explicitly in Al systems. Such methodological
refinements could enhance both research accuracy and the practical relevance of findings,
ultimately contributing to clearer and more actionable insights into human-Al
interactions.

Conclusion

As artificial intelligence increasingly reshapes critical sectors, including
healthcare, transportation, military applications, and finance, understanding the factors
that influence user trust has become increasingly important. Automation and Al systems
offer transformative benefits, yet widespread adoption continues to face barriers such as
misinformation, algorithmic bias, and user anxiety, all of which undermine public
confidence. Trust becomes particularly essential in high-stakes environments, where
reluctance to rely on automated systems can lead to compromised safety, reduced

efficiency, or operational challenges.
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This study examined how psychological traits, specifically digital technology self-
efficacy and locus of control, relate to trust in Al. Findings indicated that neither digital
technology self-efficacy nor locus of control significantly predicted trust in Al, nor did
locus of control moderate the relationship between digital technology self-efficacy and
trust. Although these results did not confirm initial hypotheses, they highlighted the
complexity of psychological influences on trust in automated systems, suggesting that
such relationships may be more nuanced, indirect, or context-dependent than previously
thought. While the study did not yield direct predictive relationships, the findings still
hold theoretical value by challenging existing assumptions about straightforward
psychological influences on trust. They emphasized the importance of context specificity
and the necessity for future research to explore more nuanced and precise mechanisms
underlying human trust in Al technologies.

Ultimately, although this research did not clarify direct dynamics between self-
efficacy, locus of control, and trust, it contributed by highlighting important measurement
and methodological considerations for future studies. As Al technologies continue to
pervade essential sectors of society, this research reinforced the importance of pursuing
deeper, context-specific investigations into how psychological traits interact with
situational variables to shape trust. Given the transformative potential, and significant
risks, of widespread Al adoption, uncovering these nuanced psychological dynamics is
not merely valuable; it is imperative to ensure technology genuinely serves and

empowers those it aims to assist.
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Appendix B

Normal P-P Plot of Regression Standardized Residuals

Normal P-P Plot of Regression Standardized Residual
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Scatterplot of Regression Standardized Residuals and Predicted Values

Regression Standardized Residual
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