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Abstract. Collaborative human-Al decision-making is an emerging concept, that
recognizes the complementary qualities of humans and Al systems for decision-
making. However, to achieve a successful collaboration between both, individuals
must appropriately trust and rely on the Al systems. Despite extensive research
on trust and reliance within collaborative decision-making, empirical research
indicates inconclusive findings. We aim to clarify these findings by incorporating
context-specific theorizing as a crucial element of a broader, integrative perspec-
tive, emphasizing that the neglect of contextual factors provides a key explanation
for the observed inconclusive results. We review 59 empirical studies, culminating
in a synthesized framework that highlights the often unrecognized contextual fac-
tors shaping decision-making environments and influencing trust and reliance. We
inductively conceptualize human-related, Al-related, and decision-related contex-
tual factors and their interaction effects into our framework. Our work contributes
to the emerging literature on collaborative decision-making and highlights the
importance of context-specificity.
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1 Introduction

The widespread adoption of Al systems is fundamentally transforming human life,
with Al becoming pervasive across personal and professional domains (Maedche et al.
2019). While AT shares foundational principles with earlier algorithms, it is distinguished
by its greater complexity, opaqueness, and capacity to augment even intellectual and
creative tasks (Vossing et al. 2022, Jussupow et al. 2021). Many researchers see Al as a
complement to human decision-making, combining the strengths of both to achieve better
outcomes (Harper 2019, Seeber et al. 2020, Vossing et al. 2022). The main advantage
of human-AlI collaboration is its ability to enhance decision-making accuracy beyond
what either could achieve alone (Dellermann et al. 2019). This is particularly valuable
in decision-making scenarios, where humans are often limited by cognitive biases and
inconsistent reasoning (Dellermann et al. 2019).

However, achieving optimal collaboration performance is challenging due to humans’
tendency to miscalibrate trust in Al, which can impair appropriate reliance and thus
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reduce collaborative decision accuracy (Schemmer et al. 2023). Both overtrust and un-
dertrust have serious consequences: overtrust can lead to overestimating AI’s capabilities
and relying on incorrect advice (Lee & See 2004, Hoff & Bashir 2015), while undertrust
can result in ignoring correct Al advice (Lee & See 2004, Hoff & Bashir 2015).

Despite significant research on trust and reliance on Al systems within collaborative
decision-making (Hoff & Bashir 2015), two main limitations persist: First, trust is often
ambiguously conceptualized as either an attitude or a behavior, blurring the distinction
with reliance, which creates theoretical confusion and misinterpretations of empirical
findings (Schemmer et al. 2023, Schmitt et al. 2021, Burton et al. 2020). Second,
conflicting empirical findings have emerged, ranging from overtrust to undertrust in
Al systems (Leichtmann et al. 2023, Gomez et al. 2023) and from overreliance to
underreliance (Vasconcelos et al. 2023, He et al. 2023), as well as from Al aversion to
appreciation (Jussupow et al. 2024).

Building on Hong et al. (2014), we argue that the under-theorization of context
has contributed to these equivocal findings and limits the generalizability of existing
research in behavioral IS. A deeper focus on context-specific factors would provide both
scholars and practitioners with a more actionable understanding of trust and reliance in
human-AlI decision-making environments, leading to improved Al system design, better
usage, and ultimately, enhanced collaboration performance in terms of decision accuracy.
In response to these challenges and previous calls for research (Venkatesh 2025), our
study aims to address the following question: What are the contextual factors that
influence (appropriate) trust and reliance in collaborative human-Al decision-making
environments?

To answer this, we build on Lee & See (2004) and Hoff & Bashir (2015) and
conduct a systematic literature review, synthesizing recent empirical studies to develop
a conceptual framework that integrates previously overlooked contextual factors that
affect the formation of trust and reliance. In doing so, our framework offers a theoretical
lens for future research, providing greater specificity and applicability across diverse
decision-making contexts.

2 Theoretical Background: Trust and Reliance on Al

Human-AlI collaboration involves the synergy between humans and Al systems working
together to achieve shared objectives. This collaboration can range from fully automated
systems, where Al systems operate independently, to augmented collaboration, where
humans remain actively involved and Al assists in task execution (Raisch & Krakowski
2021). A prominent domain within augmented collaboration is decision-making, where
Al systems provide data-driven insights that individuals can incorporate into their judg-
ment, ideally resulting in more informed and accurate decisions (Lai et al. 2023, Hemmer
et al. 2024). This approach harnesses the complementary strengths of humans such as
emotional intelligence and ethical reasoning, with AI’s capacity to process large datasets
and detect patterns (Hemmer et al. 2024). The focus of our study is on augmented human-
Al collaboration in decision-making contexts, e.g. in situations where fully automated
systems are either undesirable or legally infeasible.



The success of human-Al collaboration is contingent upon the level of trust indi-
viduals place in Al systems and the extent to which they rely on Al-generated advice.
Trust plays a foundational role in determining reliance behavior, however, the relation-
ship between trust and reliance is complex. As highlighted by Lee & See (2004), trust
can positively shape how individuals interact with Al systems, but it can also lead to
both misuse and disuse of Al systems. Misuse occurs when individuals overtrust Al,
excessively relying on its advice even when it is inaccurate (overreliance) (Parasuraman
& Riley 1997, Lee & See 2004). Conversely, disuse arises when individuals undertrust
Al, failing to utilize its advice even when it is accurate (underreliance) (Parasuraman &
Riley 1997, Lee & See 2004). In this context, appropriate trust and reliance refer to the
optimal balance, where individuals accurately assess the reliability of Al advice and in-
tegrate it effectively into their decision-making. Achieving this appropriateness requires
individuals to trust Al enough to rely on accurate advice while retaining the judgment to
override flawed advice, ultimately maximizing collaborative performance and ensuring
optimal decision accuracy. However, calibrating trust and reliance appropriately is a
complex endeavor, shaped by various contextual factors such as cognitive biases and
situational influences, which we explore in this paper.

For conceptual clarity, we briefly define trust and reliance, recognizing that both are
multifaceted and complex constructs, particularly within the interdisciplinary field of
human-AlI collaboration (Montealegre-L6pez 2025), where the comparison and general-
ization of research findings can be challenging. In this study, we adopt a widely accepted
and used definition of trust and reliance within the information IS literature. Accordingly,
trust is defined as "the attitude that an agent will help achieve an individual’s goals
in a situation characterized by uncertainty and vulnerability" (Lee & See 2004, 51).
Integrating this trust model into the typology of Fishbein & Ajzen (1977) and previous
IS research on attitudinal trust further elucidates the causal chain of trust formation
and the subsequent reliance behavior (McKnight et al. 2020, You et al. 2022, Qiu &
Benbasat 2009, Lee & See 2004). Accordingly, subjective and attitudinal trust influences
observable reliance behavior, guiding but not fully determining an individual’s reliance
behavior on Al systems. Consistent with the prevailing views in IS literature (Lee & See
2004, Hoff & Bashir 2015, You et al. 2022, Westphal et al. 2023, Castelo et al. 2019),
we thus conceptualize individuals’ trust in Al as a mediating factor that influences, but
does not unilaterally dictate, their reliance hehavior on Al systems.

3 Methodology

We conducted a systematic literature review in accordance with the methodological
guidelines of Webster & Watson (2002) to ensure rigor, transparency, and reproducibility
in synthesizing research on trust and reliance in human-AI decision-making. We queried
ACM Digital Library, AIS eLibrary, ScienceDirect, and Web of Science, using a standard-
ized search string to the title and abstract fields of each database: (“Artificial Intelligence”
OR “AI” OR “Algorithm” OR “Machine learning” OR “Deep learning””) AND (“Trust”
OR “Reliance”) AND (“Decision*”). We constrained our database queries to retrieve
only completed, peer-reviewed research articles, systematically excluding records classi-
fied as books, review articles, short papers, dissertations, keynotes, or panel discussions.



Moreover, to ensure coverage of recent advancements and to minimize overlap with prior
reviews (notably Hoff & Bashir (2015)) we limited our search to publications from 2015
onwards. Applying these initial inclusion and exclusion criteria yielded 1193 papers.
After removing duplicates, inaccessible full texts, and non-English publications, 876
studies remained. We then screened titles and abstracts to include only empirical studies
that explicitly addressed trust and reliance in human-Al decision-making, e.g. excluding
those that focused solely on either the human or Al perspective. This process reduced
our set to 125 studies. Subsequently, we conducted a comprehensive full-text analysis,
applying the same inclusion criteria as previously outlined. Additionally, we excluded all
non-empirical studies, as well as empirical studies that did not align with our theoretical
conceptualizations of trust and reliance as defined in our theoretical background; for
instance, omitting studies that conceptualized trust exclusively as a behavioral construct.
This process reduced our corpus to 49 studies. Finally, we employed a snowballing
approach by conducting backward and forward citation searches of highly cited primary
studies, which resulted in 10 additional empirical studies (seven through backward and
three through forward citation), resulting in a final corpus of 59 studies.

The majority of studies in our final corpus employed incentivized, factorial online
experiments, with 41 utilizing a between-subjects design and 4 a within-subjects design.
Field experiments (n = 3), survey-based studies (n = 7), and mixed-method approaches
(n = 4) were less common. Most experiments utilized vignette-based scenarios, predom-
inantly using decision-making environments related to healthcare (n = 11), finance (n
= 13), and human resources (n = 14); studies examining leisure, gaming, or abstract
problem-solving contexts were comparatively rare. Furthermore, participant recruitment
was primarily conducted via international crowdsourcing platforms such as Prolific
and Amazon Mechanical Turk. Sample sizes ranged from 50 to over 1,000 participants,
though most studies involved 200-300 individuals. Recruitment strategies were generally
aligned with the requirements of the specific decision-making context, with participant
expertise and task familiarity ranging from novice students to employed domain experts
with several years of relevant experience.

To address our research question, we developed a comprehensive conceptual frame-
work based on the 59 studies that incorporates "contextual factors as antecedents of core
constructs or dependent variables" and as "moderators of relationships" (Hong et al. 2014,
115). To this end, we employed a rigorous hybrid process, combining deductive structur-
ing with inductive conceptual development. We began by delineating three overarching
categories: Human, Al, and Decision - drawing deductively on Maedche et al. (2019)
and Hemmer et al. (2021)’s conceptualization, itself grounded in Task-Technology Fit
Theory (Goodhue & Thompson 1995). Within each of these categories, we employed
an inductive approach to identify and elaborate relevant contextual factors, guided by
the eight-phase conceptual framework development procedure outlined by Jabareen
(2009). This iterative process involved comprehensive mapping, systematic coding, and
constant comparative analysis of the 59 empirical studies. Across four iterative cycles of
in-depth analysis, conceptual mapping, and coding, as well as integration and synthesis,
we inductively aggregated the initially identified 28 contextual factors and systematically
consolidated these into four to five salient factors per overarching category (in total n=14



factors). This approach ensured both parsimony and conceptual rigor in the resulting
framework (Jabareen 2009).

4 Literature Review and Framework Synthesis

Our framework (cf. Figure 1) contextualizes the collaborative human-Al decision-making
environment via human-related, Al-related, and decision-related contextual factors. As
illustrated in our framework, these factors and their interaction effects shape the decision-
making environment which has a subsequent impact on the formation of trust as a core
mediating role of reliance. Although trust plays a key role, it does not fully determine
reliance (Lee & See 2004, Hoff & Bashir 2015), making it essential to consider the
combined impact of all contextual factors on reliance directly, rather than relying solely
on trust as a mediator. Consistent with Schemmer et al. (2023), we consider reliance as a
case-by-case decision, with the aggregate of all reliance cases collectively contributing
to complementary collaboration performance, which is associated with achieving the
best or highest decision accuracy. Additionally, trust and reliance are dynamic, a process
that is "prone to changes based on the behavior of the trusted agent" (Glikson & Woolley
2020, 630). We expand on this perspective by asserting that these dynamics are shaped
not only by the agent’s behavior but also by the interplay of contextual factors, which
evolve over time, thus requiring a feedback mechanism.
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Figure 1. Conceptual Framework for Collaborative Human-Al Decision-Making Environments
(Note: The numbers in parentheses indicate how many papers in our literature corpus examined
the respective factor)

4.1 Al-related Contextual Factors

Explainability: Research on Explainable Artificial Intelligence (XAI) shows mixed
effects on trust and reliance on Al systems. Studies by Lai & Tan (2019), Mehrotra et al.
(2023), and Buginca et al. (2021) suggest that providing explanations increases trust, but
the impact depends on the type of explanation. Comprehensive explanations boost trust
but can lead to over-reliance, while simpler explanations may reduce trust and reliance
(Bussone et al. 2015). Visual explanations tend to lower trust but improve performance



by mitigating overtrust (Leichtmann et al. 2023). Moreoever, XAl can reduce overtrust
and reliance by making Al errors more visible, which lowers the cognitive effort needed
to evaluate advice (Vasconcelos et al. 2023).

As illustrated in our framework, interaction effects exist between Al-related, human-
related, and decision-related factors. The impact of XAl on trust and reliance is contin-
gent not only on the system’s design but also on user knowledge and cognitive ability to
process complex decisions (Westphal et al. 2023). For example, Bayer et al. (2022) found
that explanations increased trust in individuals with high domain expertise, while those
with limited knowledge struggled to understand them. This finding aligns with prior
research suggesting that insufficient domain knowledge can diminish the effectiveness
of XAI (Wang & Yin 2021, Bayer et al. 2022). However, well-crafted explanations can
help less knowledgeable users by reducing automation bias (Wysocki et al. 2023). More-
over, Zhang et al. (2024) found that explanations are effective in reducing overreliance
in simple decision tasks, but this effect diminishes as decision complexity increases;
for highly complex decisions, explanations may even exacerbate overreliance. Similar
patterns were observed by de Jong et al. (2025), who emphasized the need to account
for decision difficulty when evaluating the effectiveness of explanations. These nuanced
interactions may help explain the mixed, and sometimes paradoxical, findings reported
in the XAI literature (Kahr et al. 2023, Ueno et al. 2022, Schemmer et al. 2023, Goel
et al. 2022).

Performance: Even though it may seem evident at first glance, it is not always

empirically supported that individuals trust high-accuracy Al systems more than low-
accuracy Al systems and consequently rely more on the advice of high-accuracy Al
systems (Kahr et al. 2023). While the majority of empirical studies have demonstrated a
positive relationship between increased Al performance and trust, reliance, and human-
Al collaboration performance (Cao & Huang 2022, Papenmeier et al. 2022, Zhang
et al. 2022), some studies found no effects (Schmitt et al. 2021). In fact, Juravle et al.
(2020) found that individuals do not increase their trust in Al systems with increasing
Al performance. Moreover, even in the absence of explicit information about an Al
system’s performance, individuals still assess its accuracy and adjust their trust and
reliance accordingly (Cao & Huang 2022), with the AI’s response time serving as
an important performance cue (Efendi¢ et al. 2020). Thus, both stated and observed
accuracy are important factors, whereby the effects of stated accuracy can be overridden
by individuals’ observed accuracy (Yin et al. 2019).
As shown in our framework, trust and reliance formation is a dynamic process that
can undergo multiple feedback cycles. Therefore, individuals’ trust in Al systems can
increase over time when collaborating with high-accuracy Al systems, as individuals
increasingly perceive the Al system’s competence and consequently rely more on its
advice (Kahr et al. 2023). Furthermore, research demonstrated that trust and reliance
are at their lowest when the output of an Al system overlaps with an individual’s
knowledge and at their highest when there is perfect complementarity, suggesting a
nuanced interaction effect between Al performance and human knowledge (Zhang et al.
2022, Inkpen et al. 2023).

Adaptability: Our review indicates that Al systems’ adaptability has a significant
impact on individuals’ trust and reliance. Specifically, when individuals perceive Al



systems as adaptable or capable of learning from their environment, they tend to have
considerably higher levels of trust, which leads to increased reliance on the system
(Lohoff & Rithr 2021, Kim & Song 2023b). Demonstrating or framing an Al system’s
adaptability in terms of its dynamic learning capabilities is also a promising strategy to
counteract algorithm aversion (Berger et al. 2021). However, Xu & Xu (2021) discovered
that showcasing an Al system’s adaptability, particularly through feedback from users,
can create the impression that the system needs continuous improvement or supervision,
which can ultimately reduce reliance on the Al. Another key factor is the Al system’s
ability to adapt to an individual’s preferences and provide personalized advice based on
this understanding, which further strengthens trust in the system (Shi et al. 2021).

Anthropomorphism: Extensive empirical research indicates that anthropomorphiz-
ing Al systems increases individuals’ trust in these systems (Li & Hahn 2022, Shi et al.
2021). Furthermore, anthropomorphism not only elicits increased trust in Al systems but
also reduces the perceived psychological distance to the Al (Park et al. 2023, Zhang et al.
2022) and increases social presence (Morana et al. 2020). Anthropomorphic cues such as
a human voice (Schreuter et al. 2021), human images (Park et al. 2023), self-references
(Zhang et al. 2022), or a combination of human identity, verbal and nonverbal cues
(Morana et al. 2020) also increase individuals’ reliance on the Al system’s advice. In ad-
dition, an individual’s disposition to anthropomorphize and the nature of the decision task
(whether it is computer-like or human-like) also significantly affects anthropomorphism,
which in turn affects trust and reliance (Seeger et al. 2021). However, anthropomorphiz-
ing highly human-like AI systems can evoke an uncanny sense of familiarity, which can
also reduce users’ trust in these systems (Spatscheck et al. 2024).

Advice Presentation: The presentation of Al advice covers both quantitative and
qualitative aspects. Regarding the quantitative aspects, Newman et al. (2022) found
that the number of advice options is crucial, as individuals are more likely to rely on
Al advice when presented with multiple advice alternatives. Their study found that
individuals preferred multiple advice options to a single advice, even when the quality
of the single advice was better than the combined multiple advice options, suggesting
that decision autonomy is more important to individuals than the quality of advice.
While research on the qualitative aspects of Al-generated advice remains limited, re-
cent advances in Al have enabled the generation of nuanced, text-based advice with
considerable qualitative variation. In this emerging line of inquiry, Rubin & Benbasat
(2023) examined various forms of textual justification accompanying Al advice and
found that such justifications play a crucial role in fostering individuals’ trust in Al
systems. Likewise, Zhang et al. (2022) explored the influence of different belief markers
within Al-generated advice, revealing that embracing belief markers (e.g., “know” and
“realize”) led to significantly greater reliance on Al advice compared to distancing mark-
ers (e.g., “think” and “believe”), though at the cost of increased overreliance. In a similar
vein, Kim et al. (2024) demonstrated that the use of natural language expressions of
uncertainty can mitigate overreliance on large language models. Furthermore, including
disclaimers such as “Remember to verify this information” within qualitative advice has
been shown to reduce both overreliance and under-reliance in certain tasks, suggesting
an interaction effect with cognitive forcing (Bo et al. 2025). Finally, Kim et al. (2025)



found that the presence of inconsistencies in qualitative Al advice leads to decreased
overreliance.

4.2 Decision-Related Contextual Factors

Risk: When making high-risk decisions, individuals tend to place less trust in Al
systems than when making low-risk decisions (Juravle et al. 2020). The decrease in
trust is especially evident when Al systems are involved in high-stakes decision-making
environments, in which potential decision errors are associated with high prospective loss
outcomes and typically cannot be reversed once a decision has been made (Kunreuther
et al. 2002). Furthermore, individuals expect a higher level of accuracy from Al systems
in high-risk decision-making situations but are still less likely to rely on Al advice for
such decisions (Juravle et al. 2020). Instead, individuals tend to prefer advice from
other humans in these decision-making environments, indicating algorithm aversion
(Jussupow et al. 2020, Longoni et al. 2019). Such a decision strategy can be explained by
the tendency of individuals to rely on human judgment when they believe that Al systems
are unlikely to produce near-perfect results and therefore prefer even less reliable and
error-prone human advice when making risky decisions (Dietvorst & Bharti 2020).

Objectivity: The perceived objectivity of a decision further affects trust and reliance.
According to Lee (2018), in machine-like decision tasks, both Al and human advice
were perceived as similar in terms of fairness and trustworthiness. However, in tasks that
require more human-like decision-making, Al systems’ advice was perceived as less fair
and trustworthy due to perceived deficits in intuition and subjective judgment. Castelo
et al. (2019)’s research confirmed that individuals trust and rely less on Al advice for
subjective tasks. Conversely, they found that trust in an Al system can be increased by
increasing the perceived objectivity of a decision task.

Morality: Similar to the perceived risk of a decision, the morality of the decision
also influences the extent to which individuals trust Al systems in decision-making
environments and rely on their advice. Although research on moral decision-making is
still limited, the studies that have been conducted show consistent results. Based on nine
conducted studies, Bigman & Gray (2018) concluded that individuals tend to rely less on
Al systems when making morally sensitive decisions in domains such as driving, legal
matters, or the military. This reluctance arises because "it seems that we want another
human - with a fully human mind - to make the call" in highly moral decision-making
environments (Bigman & Gray 2018). Furthermore, the study revealed that this aversion
remains even when the Al advice leads to a positive outcome and may only be alleviated
by limiting the Al system to an advisory role, increasing the perceived expertise of the
Al system, or increasing the perceived experience of the Al system (Bigman & Gray
2018). Although Gogoll & Uhl (2018)’s study did not directly involve Al systems but
rather machine agents, the results also suggest that individuals are reluctant to delegate
decisions to machines in moral domains.

Complexity: The inherent complexity of a decision also affects trust and reliance on
Al systems. Individuals selectively rely more on Al advice when making difficult, and
therefore more complex, decisions as compared to easier ones (Kaufmann 2021, Parkes
2017). Vasconcelos et al. (2023) corroborated this finding by showing that individuals’



reliance on Al systems increases with the complexity of the decision. These findings
were attributed to the increased cognitive effort required to either confirm the correctness
of an Al system’s advice or perform the decision task independently. Surprisingly,
de Jong et al. (2025) observe that participants’ collaborative performance is significantly
lower for medium-difficulty tasks compared to both easy and hard tasks in both studies,
highlighting the importance of differentiating decision support strategies according to
task difficulty (de Jong et al. 2025).

4.3 Human-related Factors

Expertise: Individuals’ expertise for example related to their domain knowledge, can
significantly impact trust and reliance on Al systems. Individuals who possess a high
level of expertise in a particular domain are typically more capable of discerning when to
rely on Al advice and when to use their own judgment, promoting appropriate reliance on
Al systems (Parkes 2017, Inkpen et al. 2023). Similarly, Wysocki et al. (2023) found that
less experienced healthcare professionals compared to experienced ones had more trust
in the Al system and relied more on the Al advice. Additionally, individuals’ trusting
beliefs and trusting intentions in the AI system decreased with increasing domain-
specific expertise (Bayer et al. 2022). Although Lacroux & Martin-Lacroux (2022) found
paradoxical results in this regard, they were attributed to a flawed measure of expertise,
namely in the context of a traditional rather than an algorithmic recruitment process.

Familiarity: Our review shows that individuals’ familiarity with the decision task or
with the Al system plays another central role in shaping individuals’ trust and reliance.
Individuals who are initially more familiar with the decision task tend to exhibit greater
trust in the Al system (Schaffer et al. 2019), which also influences reliance behavior
(Cao et al. 2024). Besides initial, pre-existing familiarity, research has also investigated
whether individuals who are initially unfamiliar with the decision task or an Al system
can be partially compensated by tutorials and educational interventions. Chiang & Yin
(2022), He et al. (2023), and Chiang & Yin (2021) found that providing user tutorials
and brief education sessions on Al systems can help individuals to rely on Al systems
more appropriately, e.g. by reducing overreliance. Educating users about the Al systems’
behavior, such as highlighting consistent output patterns or Al failures, further helps
individuals to build better mental models of the Al system, increasing their trust and
significantly improving collaborative decision-making (Cabrera et al. 2023). However,
the results of Chiang & Yin (2022) suggest that the positive effects of tutorials and
educational interventions may only be effective for users who had a high prior ability
to solve the decision task by themselves, suggesting an interaction with individuals’
expertise. Finally, it is important to recognize that increasing individuals’ familiarity
with an Al system does not always lead to favorable outcomes. In fact, it can sometimes
result in decreased Al reliance, especially in cases where individuals have observed Al
errors (Berger et al. 2021, Schaffer et al. 2019, Dietvorst et al. 2015).

Agency: In addition to the factors mentioned above, the degree of human agency
- defined as the extent to which individuals are able to make and act upon their own
decisions - is another critical factor that influences trust and reliance on Al systems. Kim
& Song (2023a) concluded that individuals tend to place greater trust in Al systems



when they do not perceive their decision-making ownership to be compromised. These
findings support Westphal et al. (2023)’s results that trust in Al systems increases when
users retain control over their decisions, which subsequently increases both intended
and actual compliance with Al advice. However, there is a significant difference in the
agency preferences of individuals based on their performance levels; high performers
tend to seek more control over Al advice, whereas low performers are more inclined to
receive less controllable Al advice (Kawaguchi 2021).

Cognition: Our review highlights that systematic cognitive errors, exemplified by

cognitive biases, significantly influence trust and reliance in human-AI decision-making.
For example, confirmation bias leads individuals to favor information that aligns with
pre-existing beliefs, resulting in selectively biased reliance on Al systems that reinforce
stereotypes (Alon-Barkat & Busuioc 2023). Similarly, Selten et al. (2023) found that
police officers were more likely to trust Al recommendations when these confirmed
their prior assumptions, thereby limiting AI’s potential to mitigate negative stereotypes.
Moreover, the Dunning-Kruger effect further exacerbates cognitive biases by causing
individuals with low competence to overestimate their abilities, leading to underreliance
on Al due to overconfidence in their own judgment (Lu & Yin 2021, He et al. 2023). Con-
versely, automation bias fosters overreliance on Al, as individuals substitute automated
outputs for comprehensive information processing (Schemmer et al. 2022). The severity
of automation bias is influenced by Al accuracy and task complexity - individuals are
more susceptible to errors when Al systems demonstrate consistently high accuracy or
when cognitive load is elevated (Lyell & Coiera 2017).
A promising strategy to mitigate cognitive biases in human-Al decision-making is the
implementation of cognitive forcing strategies, which interrupt heuristic-driven reason-
ing and encourage analytical deliberation (Lambe et al. 2016, Wason & Evans 1974).
Buginca et al. (2021), for example, examined cognitive interventions such as a 30-second
delay before receiving Al advice, demonstrating that such cognitive forcing functions
can reduce overreliance. However, despite these interventions, collaborative human-Al
performance remained inferior to that of Al systems alone (Buginca et al. 2021).

Disposition: The disposition to trust, a personality trait defined as a "consistent
tendency to be willing to depend on others across a broad spectrum of situations"
(McKnight et al. 1998, 477), is a key factor in trust and reliance on Al in decision-
making. Research by He et al. (2023) shows a direct link between dispositional trust
in Al and post-collaboration trust, which also significantly affects their willingness to
delegate decisions to Al (Shi et al. 2021). Furthermore, Ochmann et al. (2020)’s research
further discovered that an individual’s trust disposition, conceptualized as general trust in
Al moderates the extent of Al reliance. Apart from individuals’ disposition to trust, their
dispositional differences in cognitive motivation, exemplified by their need for cognition
Cacioppo et al. (1996), is another important factor influencing trust and reliance on Al
systems. Individuals with higher need for cognition are more inclined to appreciate Al
systems and thus rely more on Al advisors than on human advisors (You et al. 2022).
Additionally, Buginca et al. (2021) found that individuals with a high need for cognition
overrelied on Al systems significantly less than individuals with a low need for cognition
when using cognitive forcing strategies.



4.4 Trust-Reliance Moderators

Apart from including contextual factors as antecedents of core constructs and depen-
dent variables in our conceptual framework, it is also important to consider contextual
factors as moderators of relationships (Hong et al. 2014). Our review identifies three
factors moderating the relationship between trust and reliance. First, cognitive load nega-
tively moderates the relationship between trust and reliance on Al systems, with higher
cognitive load reducing Al reliance (You et al. 2022). Second, the level of perceived
uncertainty in decision-making contexts influences the dynamics of trust and reliance on
Al systems, with greater uncertainty leading to more reliance on Al advice (Elson et al.
2021). Third, Shi et al. (2021)’s research highlights that risk perception, particularly
social risk, acts as a moderator between trust and reliance, encouraging further research
into other types of risk, such as financial risk, to fully understand the impact of risk on
the relationship between trust and reliance.

5 Discussion and Conclusion

This study aims to clarify prior mixed findings in the literature on trust and reliance in
collaborative human—AlI decision-making environments by examining contextual factors
that compose these environments. Our analysis identifies decision-related (risk, objec-
tivity, morality, complexity), human-related (expertise, familiarity, agency, cognition,
disposition), and Al-related (explainability, performance, adaptability, anthropomor-
phism, advice presentation) factors that shape trust and reliance on Al. Furthermore, we
elucidate the interactive and moderating effects among these factors. By systematically
unpacking these contextual factors and their interdependencies, our study contributes to
the emerging literature on collaborative human-Al decision-making (e.g., Vasconcelos
et al. 2023, Hemmer et al. 2021, Spatscheck et al. 2024), by offering a more nuanced
understanding of the antecedents of trust and reliance in such settings.

Importantly, our findings provide an initial explanatory framework for the observed
inconsistencies surrounding overtrust and undertrust, as well as overreliance and un-
derreliance, thereby offering a foundation for future empirical and practical inquiry. In
line with prior IS theorizing on contextualized system use (Hong et al. 2014), our ap-
proach emphasizes that the effects of trust and reliance must be understood as emergent
properties of specific constellations of contextual factors. In particular, our framework,
enables researchers and practitioners to construct and compare diverse decision-making
environments, formulate testable hypotheses, and develop context-sensitive interventions,
thereby increasing the applicability of these IS studies to real-world decision-making
environments. For example, clinical decision-making environments are typically con-
textualized by clinicians’ high expertise and familiarity with decision tasks, alongside
subjective, high-risk, and moral decisions. Our synthesized framework shows that these
factors contribute to an environment where individuals generally exhibit lower trust and
reliance on Al and are more averse to its use, which provides an important explanatory
factor for those findings in previous empirical studies (Longoni et al. 2019, Bhattacherjee
& Hikmet 2007, Lapointe & Rivard 2005). In contrast, contexts such as lifestyle, leisure,
or abstract problem-solving are characterized by low risk, objective outcomes, and



minimal moral or ethical concerns. In these settings, individuals typically have limited
domain expertise and low familiarity with both the Al system and the decision task. Our
framework suggests that these environments foster increased trust and, consequently,
overreliance on Al systems, in line with prior studies reporting higher trust and reliance
in such environments (de Jong et al. 2025, Buginca et al. 2021, Vasconcelos et al. 2023,
You et al. 2022). Accordingly, analogous contextual profiles, such as those found in
legal, military, financial, or public administration decision-making environments, can be
conceptualized and empirically investigated to advance context-specific knowledge.

Our review identifies several critical gaps in the current literature. First, there is
a notable underrepresentation of human- and decision-related factors relative to the
extensive focus on Al-centric dimensions. While much of the literature emphasizes the
technical dimensions of Al, few studies sufficiently address human cognition, behavior,
and judgment. This imbalance limits our understanding of how individuals effectively
collaborate with Al systems and hinders the development of robust theories of trust and
reliance. Second, the literature lacks theoretical integration. Many studies investigate nar-
rowly defined constructs in isolation, often without grounding their work in established
theoretical frameworks. As such, there is a clear need for empirically validated, integra-
tive models that capture the interplay of multiple antecedents and contextual factors. To
advance theorizing in this area, future research should build upon and extend established
theories such as Task-Technology Fit (Goodhue 1995) and the Technology-Organization-
Environment framework (Tornatzky et al. 1990). Third, despite the growing ubiquity
of Al-supported decision-making in teams and organizational settings (Zercher et al.
2025, Dennis et al. 2023), research adopting a team-level perspective remains limited.
In particular, the dynamics of trust and reliance in multi-agent contexts, where multiple
human actors interact with one or more Al systems, are still underexplored. Addressing
this gap will require greater incorporation of socio-psychological and organizational
theories that can capture both individual-level and collective-level processes in human-
Al teaming. Finally, our proposed framework offers a conceptual foundation for future
research on human collaboration with generative Al systems (e.g., Fang et al. 2025,
Spatscheck et al. 2024). As these systems become increasingly embedded in co-creative
and knowledge-intensive decisions, there is a need to reassess established antecedents
of trust and reliance and, where necessary, develop new factors that account for the
interactive nature of generative Al in collaborative decision-making environments.

While our study builds upon and expands on existing literature reviews - particularly
Hemmer et al. (2021), which was limited to XAlI, and Li & Hahn (2022) and Jussupow
et al. (2020), which gave limited attention to interaction effects - several limitations of
our study still warrant acknowledgment. First, our focus on individual-level collaborative
decision-making may restrict the transferability of our findings to organizational or soci-
etal settings, where additional dynamics and contextual factors are present. Second, our
framework is derived from a systematic literature review that integrates both inductive
and deductive approaches; while this methodological pluralism enhances the robustness
and depth of our analysis, it may also introduce bias in the identification and categoriza-
tion of themes. Moreover, as with all literature reviews, the comprehensiveness of our
findings is constrained by the chosen search strings, databases, and inclusion/exclusion
criteria.
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