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A B S T R A C T

This study investigates whether explainable AI (XAI), although intended to improve calibrated reliance in 
augmented decision-making (ADM), may also increase negative consultations. In a between-subjects online 
experiment (n = 200), participants completed a price classification task supported by AI, while we manipulated 
the presence of local feature-based explanations. Drawing on dual-process theory as an interpretive lens, we 
conceptualize explainability as a cognitively ambivalent intervention that reshapes reliance behavior. Our results 
show that XAI-induced transparency exerts competing effects: while it directly reduces negative consultations, it 
simultaneously increases competence-based trust and shifts responsibility attribution toward the AI. These 
mechanisms foster overreliance and significantly increase negative consultations, resulting in a competitive 
mediation pattern. Notably, comparable effects do not emerge for positive consultations, suggesting that 
transparency more readily amplifies reliance than it promotes corrective belief updating. By empirically 
demonstrating this paradox, our study develops IS and Decision Sciences research on automation bias in 
transparent ADM settings and identifies key psychological mechanisms through which explainability influences 
reliance. These findings inform the design of XAI systems that prioritize calibrated reliance rather than merely 
increasing perceived transparency.

1. Introduction

Organizations increasingly deploy AI-enabled decision support sys
tems (DSS) in augmented decision-making (ADM) settings [1], where 
human decision-makers must evaluate and act upon AI recommenda
tions. Because such recommendations are inherently uncertain, decision 
performance depends on how decision-makers integrate them into their 
judgments. This is commonly conceptualized as calibrated reliance 
behavior [2–4], that is, the ability to follow correct AI recommendations 
(i.e., positive consultations), while avoiding following incorrect rec
ommendations (i.e., negative consultations).

Explainable AI (XAI) has emerged as a key design response to this 
calibration challenge. From a stimulus-organism-response (S-O-R, [5,6]) 
perspective, explanations can be understood as a design stimulus that 
shapes users' cognitive evaluations, which in turn influence how they act 
upon AI recommendations. In this view, explanations are intended to 

support decision-makers in evaluating AI recommendations by 
improving their understanding of the underlying reasoning, thereby 
enabling more informed reliance decisions [7]. Importantly, XAI does 
not directly determine human-AI decision performance but influences it 
indirectly through its effects on cognition and subsequent reliance 
behavior.

To better understand when XAI supports effective decision-making, 
existing IS and Decision Sciences research has started to examine this 
interplay, primarily focusing on situations in which XAI fails to produce 
these intended cognitive effects. In this perspective, XAI ineffectiveness 
has, e.g., been attributed to situations in which decision-makers lack the 
motivation or ability to engage with explanations (e.g., insufficient 
motivation [8] or AI literacy [9,10]), explanations may be poorly 
designed (e.g., overly complex or misleading [11]), or a combination of 
both (e.g., cognitive overload [12]). While this perspective provides 
important insights into when explanations fail to support decision- 
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making, it implicitly assumes that explainability operates through its 
intended cognitive pathway.

However, consistent with S-O-R research [6], a given stimulus can 
elicit multiple cognitive responses, including unintended effects that 
extend beyond its intended function [13]. Such effects can emerge even 
when explanations are processed as intended and may also shape how 
users rely on AI recommendations. This perspective becomes particu
larly relevant in light of recent empirical findings reporting performance 
degradation effects of XAI [9,12,14]. Such effects are difficult to 
reconcile with research that focuses on absent or insufficient cognitive 
processing.

Building on this prior work, our research aims to examine how 
explainability may trigger unintended cognitive effects and how these 
effects shape calibrated reliance behavior in ADM. We conceptualize 
ADM performance through positive and negative consultations, which 
capture whether AI interaction improves or deteriorates decisions and 
thus serve as direct antecedents of overall decision performance. 
Drawing on dual-process theory [15], we argue that explainability in 
ADM is cognitively ambivalent. While explanations can enhance trans
parency and support critical evaluation, they may also increase 
competence-based trust in the system and shift perceived responsibility 
toward it. Because AI recommendations are inherently fallible, these 
competing mechanisms help explain how explainability can ultimately 
degrade decision performance.

To test our research model, we examined XAI-advised price estima
tion in a between-subjects online experiment with 200 participants. The 
results show that XAI-induced transparency exerts competing effects: 
while it is directly associated with fewer adoptions of false AI recom
mendations (i.e., negative consultations), it simultaneously increases 
competence-based trust and shifts responsibility attribution toward the 
AI. This, in turn, is significantly associated with higher negative con
sultations. Notably, comparable effects do not emerge for situations in 
which the AI recommendation is correct (i.e., positive consultations).

With its focus on ADM under high uncertainty, our study differs from 
the substantial body of IS research on AI aversion [16–18] which 
implicitly assumes that increased reliance on AI improves human-AI 
performance and thus focuses on positive consultations (i.e., when an 
AI recommendation may correct an erroneous human decision). Instead, 
we contribute to the emerging body of literature that examines decision 
contexts with fallible AI and emphasizes calibrated reliance [2,19]. In 
line with recent discussions on novelty in IS research [20], our study 
identifies a previously underexplored mediation mechanism through 
which explainability induces unintended cognitive effects that reshape 
reliance behavior and can lead to automation bias. In doing so, our study 
advances emerging IS and Decision Sciences research on calibrated 
reliance in ADM under high uncertainty in three ways. First, we 
conceptualize explainability as a cognitively ambivalent intervention 
that gives rise to both intended and unintended cognitive effects. Sec
ond, we demonstrate how transparency reshapes reliance behavior 
through changes in competence-based trust and responsibility attribu
tion, highlighting important cognitions underlying reliance calibration. 
Third, we advance DSS design theory by challenging the assumption that 
transparency inherently improves performance and deriving corre
sponding design safeguards.

2. Background

2.1. Augmented decision-making under high uncertainty

In the context of human-AI decision-making, a common distinction 
differentiates between ADM and human-in-the-loop (HITL) approaches. 
In traditional HITL systems, humans supervise a high-performing AI 
system rather than construct decisions independently. Their role is to 
monitor system performance, retain override authority, and serve as an 
accountability mechanism by detecting errors, performance degrada
tion, or malfunctions across decision instances [22].

By contrast, ADM emphasizes decision integration rather than su
pervision. Here, AI systems provide probabilistic and fallible recom
mendations that are not merely inspected but incorporated into users' 
reasoning processes as one cue among others [23,24]. Rather than 
functioning as a gatekeeper, the human decision-maker combines AI 
recommendations with contextual knowledge, expertise, and other in
formation sources to construct a final judgment [25].

The role of the human decision-maker is particularly important in 
this context, as AI recommendations are embedded in decision envi
ronments characterized by uncertainty. This uncertainty does not only 
imply probabilistic and fallible AI, but rather reflects the difficulty of 
assessing the correctness of a specific recommendation at the moment of 
decision-making. Even highly capable models may produce outputs that 
are context-dependent or difficult to verify without additional infor
mation. As a result, decision-makers cannot rely on AI recommendations 
unconditionally but must evaluate their validity on a case-by-case basis. 
This differentiates ADM from research streams such as algorithm aver
sion [16–18], which conceptualize reliance on AI as inherently benefi
cial whenever algorithms significantly outperform human decision- 
makers in accuracy. In ADM, by contrast, both following and rejecting 
AI recommendations can be either beneficial or detrimental, depending 
on the specific instance.

Recent advances in AI further accelerate the relevance of ADM. The 
emergence of agentic AI systems extends ADM beyond static recom
mendation provision toward more proactive forms of decision support, 
thereby shaping not only the content but also the structure of decision- 
making processes [26]. While this development does not fundamentally 
alter the core logic of ADM, it expands the scope and complexity of 
decisions that can be supported by AI.

2.2. Calibrated reliance in augmented decision-making

The probabilistic and fallible nature of ADM implies that human-AI 
decision performance depends not solely on algorithm appreciation 
(or reduced algorithm aversion) [16–18], but on calibrated reliance on 
those recommendations [2–4]. Calibrated reliance is the context- 
sensitive and proportionate weighting of AI-generated recommenda
tions relative to human expertise, such that reliance corresponds to the 
system's actual competence and the specific decision environment 
[2–4,19]. AI may affect calibrated reliance through two types of 
consultation outcomes (see Table 1).

Positive consultations of an AI occur when decision-makers correct 
an initially erroneous judgment (i.e., it departs from the ground truth) 
by following an accurate AI recommendation. In contrast, negative 
consultations of an AI arise when decision-makers abandon a correct 
initial judgment (i.e., it equals the ground truth) in favor of an erroneous 
AI recommendation. All remaining cases represent no consultation, 
where AI recommendations do not alter the final decision. Importantly, 
consultations constitute the behavioral building blocks of decision per
formance in ADM settings [2,23,27]. Each consultation reflects a 
discrete adjustment relative to the ground truth that either improves or 
deteriorates the decision outcome. Aggregated across decision instances, 
these consultation behaviors are thus a direct behavioral determinant of 
overall decision performance.

Table 1 
Calibrated reliance: decomposition of negative and positive AI consultations.

Ground 
Truth

Initial 
Human 
Judgment

AI 
Recommendation

Final 
Human 
Decision

Reliance 
Behavior

1 1 0 0 Negative 
Consultations0 0 1 1

1 0 1 1 Positive 
Consultations0 1 0 0

Others
No 
Consultations
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Calibrated reliance requires decision-makers to critically assess 
whether an AI's recommendation is warranted in the specific case and 
how strongly it should influence the final judgment [8]. However, this 
evaluative process is cognitively demanding and requires information 
on the inner working of the AI. In practice, decision-makers may not 
always engage in such careful scrutiny or have the necessary informa
tion available. Instead, reliance may be guided by intuitive impressions 
and heuristic cues when determining the extent to which to rely on AI 
recommendations [24,28].

This tendency is reinforced by the increasingly agentic nature of 
contemporary AI systems. Following Maruping and Baird's [26] notion 
of agentic IS artifacts, AI systems are increasingly perceived as entities 
capable of assuming decision-making responsibilities under uncertainty 
rather than as passive tools. This perceptual shift fundamentally changes 
how users evaluate and interact with AI systems. Instead of calibrating 
reliance on a case-by-case basis, users increasingly make delegation 
decisions at the process level, determining whether and to what extent 
an agentic AI system should act on their behalf.

2.3. The role of XAI in augmented decision-making

Transparency mechanisms, particularly XAI, are proposed as design 
features to support the human decision-maker's evaluative process and 
facilitate calibrated reliance [21,29–31]. XAI has emerged to render 
complex AI models (e.g., deep neural networks) that sacrifice trans
parency and interpretability (black-box models) for higher predictive 
performance [29] more understandable to human users. Therefore, XAI 
typically generates interpretable approximations of black-box pre
dictions to help users understand why a specific output was produced 
[21], when the AI recommendation is erroneous, and whether the 
recommendation should be translated into action [7]. Accordingly, ex
planations are expected to enhance users' understanding of AI recom
mendations in ADM and promote analytical scrutiny to enable superior 
joint human-AI performance compared to either human or AI acting 
alone [30]. However, because such explanations approximate the 
behavior of complex models rather than fully reveal their internal logic, 
they may be incomplete, imprecise, or even misleading.

In practice, XAI applies a range of explanatory techniques that make 
individual predictions interpretable to users [21,31]. Among these 
techniques, local post-hoc explanations have received particular atten
tion in research [32,33]. These explanations aim to approximate the 
relationship between input features and model outputs for a specific 
prediction [34,35]. We refer specifically to local post-hoc explanations 
when discussing explainability throughout the remainder of the paper. 
While XAI is intended to enhance deliberate evaluation by increasing 
algorithmic transparency, its effects may extend beyond this intended 
function. Given that reliance is also shaped by heuristic cues and per
ceptions of AI as an agent [26], explanations may simultaneously in
fluence multiple cognitive processes, with potentially unintended 
consequences for reliance behavior.

3. Research model

This research sets out to examine how explainability induces unin
tended cognitive effects, and how these effects shape reliance behavior 
in ways that may lead to human-AI performance degradation. To do so, 
we draw from S-O-R theory [5,6] as the lens to structure our research 
model. In this view, explanations of an AI output represent the stimulus 
that shapes users' internal cognitive evaluations, which in turn drive 
their behavioral responses to AI recommendations. Specifically, we 
conceptualize cognitive evaluations as the organism component and 
reliance behavior as the response. To theorize the organism component, 
we draw on dual-process theory [15] as an interpretive framework. An 
overview of the research model is depicted in Fig. 1.

3.1. Dual-process theory as interpretive framework

Consciously or unconsciously, decision-makers may accept AI rec
ommendations that would not be optimal under full rationality. There
fore, research refers to this phenomenon as automation bias [36]. The 
theoretical foundation of automation bias is rooted in the dual-process 
theory of System 1 and System 2 [15]. This theory proposes two 
fundamentally different cognitive systems involved in human informa
tion processing and decision-making. System 1 is described as fast, 
automatic, effortless, associative, and difficult to control or modify. 
While it is supposed to improve efficiency in complex decision contexts, 
reliance on heuristics may also give rise to systematic cognitive biases 
and distortions [37]. In contrast, the cognitive processes of System 2 are 
characterized as slower, serial, effortful, and deliberately controlled.

The dual-process framework has been widely adopted across disci
plines and has proven informative in prior research on automation bias 
[38]. It is particularly well suited as an interpretive framework for our 
research question because it explains why identical cognitive tasks may 
produce divergent outcomes within the same usage context. Specifically, 
variation in the activation and interplay of System 1 and System 2 
provides a useful lens for understanding whether individuals critically 
evaluate or uncritically rely on automated recommendations. Building 
on this perspective, we argue that the presentation of XAI information 
may unintentionally increase the salience of heuristic cues rather than 
consistently activating reflective System 2 processing.

Prior research [e.g., 39,40] highlighted that the decision context 
influences the relevance of stimuli that may activate either mode. In 
ADM, users often face repeated similar decisions. Each decision involves 
considerable uncertainty yet carries only limited individual risk. These 
characteristics shape how users process AI recommendations. Because 
the correctness of a recommendation is often difficult to verify and 
immediate performance feedback is limited, users may not be able or 
willing to evaluate each recommendation in detail. At the same time, the 
repetitive nature of ADM tasks creates incentives for efficiency-oriented 
processing, as users seek to conserve cognitive resources across many 
similar decisions [36,41,42]. These contextual conditions make 

Fig. 1. Research model.
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cognitive effects particularly relevant that reduce case-specific scrutiny 
and increase reliance on the AI system. Building on perceived trans
parency, we therefore consider competence-based trust and attribution 
of responsibility to be particularly relevant cognitive effects that may 
adversely shape reliance behavior (see Table 2 for construct definitions).

While repetition shapes users' beliefs about a technology, prior 
research shows that repeated interaction with technology fosters trust 
[46]. Trustworthiness, in turn, is a well-established antecedent of 
overreliance [3] and is conceptually closely linked to automation bias. 
Moreover, compared to HITL contexts (which are typically character
ized by high-risk expert decision-making), responsibility in more auto
mated settings is less clearly delineated between users and the AI system. 
During interaction, perceived responsibility often shifts away from the 
user toward the system [47]. When individual decisions have limited 
personal consequences, users have weaker incentives to invest signifi
cant cognitive effort to identify or process relevant information [41]. 
This becomes particularly relevant in light of growing research 
conceptualizing AI as possessing a dual identity, functioning both as a 
tool and as an autonomous actor [48].

Importantly, these constructs are related but not interchangeable. A 
user may perceive an AI system as transparent without judging it to be 
highly competent. Conversely, a user may trust an AI's competence 
without understanding how it arrived at its recommendation. Likewise, 
users may attribute responsibility to an AI system even when they 
neither fully understand its reasoning nor consider it fully competent.

3.2. Hypotheses development

In AI-enabled decision support contexts, XAI provides explainability 
to individual predictions with the aim of enhancing decision trans
parency [34,35]. However, the degree of transparency perceived by the 
user may vary. Our research focuses on the perceived transparency of 
the AI system as the central explanatory mechanism through which XAI 
exerts its influence on our dependent variables. Similarly, Shin [49]
argues that transparency from a user perspective is not merely a 

technical property of the system, but is strongly shaped by how under
standable and interpretable the system appears to its users. This decision 
aligns with contemporary studies on XAI, such as Hamm et al. [50], 
which identify perceived transparency as a significant antecedent of 
cognitive variables such as trust. In addition, Sullivan and Weger [51]
find that the presence of explanatory features significantly increases 
perceived transparency and ease of understanding in AI-enabled deci
sion-making contexts. Thus, XAI-based explanations function as a 
cognitive bridge between algorithmic processes and users' subjective 
perceptions. By emphasizing perceived transparency as the mediating 
construct, we capture users' subjective interpretations rather than 
merely the presence of explanatory information, thereby accounting for 
the previously reported variability of explanation effectiveness [14]. 
Building on this, we argue that integrating XAI components into AI- 
enabled DSS will increase users' perceived transparency of the system's 
recommendations: 

Hypothesis 1. (H1): Explanations of AI output increase users' perceived 
transparency of the AI system.

A growing stream of literature positions transparency as a critical 
enabler for enhancing human judgment in ADM [29,30]. Qualitative 
and experimental evidence further indicates that explanations prompt 
users to slow down and reassess their judgments, particularly in contexts 
characterized by uncertainty or cognitive conflict [52]. From a dual- 
process perspective, explanations can, under some conditions, inter
rupt default cue-based responding and encourage more reflective 
consideration, especially when users encounter signals that their initial 
judgment may be incomplete, uncertain, or potentially incorrect. Prior 
research suggests two mechanisms through which explanations can 
trigger more reflective processing.

On the one hand, exposing elements of the AI's reasoning introduces 
diagnostic information that increases cognitive friction. The provision of 
additional information requires users to allocate cognitive resources to 
interpretation, comparison, and integration, thereby slowing decision- 
making and fostering more reflective evaluation rather than immedi
ate acceptance or rejection of the recommendation [53].

On the other hand, XAI explanations often surface discrepancies 
between users' intuitive judgments and the AI's reasoning, thereby 
creating cognitive conflict. When users observe that the AI relies on cues 
they had overlooked, weighted differently, or not considered at all, this 
mismatch may act as a conflict signal that interrupts heuristic process
ing. Dual-process research suggests that such conflict detection is a key 
trigger for System 2 engagement, prompting users to re-examine their 
initial beliefs and reassess the validity of both their own reasoning and 
the AI's recommendation [54,55]. Against this background, we posit 
that decision transparency in AI systems enhances users' ability to make 
accurate judgments regarding when to follow algorithmic recommen
dations and when to override them [30,56,57]. As a result, we expect 
that users who initially make an incorrect decision will be more likely to 
recognize their error when the AI provides a correct recommendation 
and, consequently, follow the AI's recommendation to revise their initial 
judgment (positive consultations; see Table 1). At the same time, the 
decision transparency provided by AI allows users to recognize and 
avoid situations where the AI would make an incorrect recommendation 
that could lead them away from an initially correct decision (negative 
consultations). Accordingly, we hypothesize: 

Hypothesis 2a. (H2a): Perceived transparency of the AI system is posi
tively related to positive consultations.

Hypothesis 2b. (H2b): Perceived transparency of the AI system is nega
tively related to negative consultations.

While these direct effects are theoretically plausible and represent 
the preferred outcomes of XAI from a practitioner's perspective, prior 
research [e.g., 9] provides mixed evidence regarding the consequences 
of XAI for decision performance in ADM, suggesting the existence of a 

Table 2 
Definition of key constructs.

Key Construct Definition Ref.

Perceived 
Transparency

Perceived transparency refers to the extent to 
which a user perceives the basis of an AI 
recommendation as clear and intelligible. It 
captures a subjective judgment of process clarity 
regarding how the recommendation was 
generated. While an AI model's output may be 
fully explainable from a technical standpoint, 
transparency is a subjective perception that can 
vary significantly across users of the same AI 
system. Accordingly, perceived transparency is 
distinct from judgments of the AI's competence, 
the correctness of its recommendation, and 
responsibility for the decision outcome.

[43]

Competence-based 
Trust

Competence-based trust refers to the extent to 
which a user believes that the AI has the ability to 
perform a focal task reliably and effectively. It 
captures an evaluative belief about the system's 
task-specific capability. Accordingly, 
competence-based trust is distinct from 
judgments about how transparent the 
recommendation process is and from judgments 
about who bears responsibility for the outcome.

[44]

Attribution of 
Responsibility

Attribution of responsibility refers to the extent to 
which a user assigns causal responsibility for a 
decision outcome to the AI system rather than to 
oneself or other actors involved in the decision 
process. It captures perceived outcome 
ownership within human-AI collaboration. 
Accordingly, attribution of responsibility is 
distinct from judgments of process clarity and 
from beliefs about the AI's capability.

[41,45]
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potential ‘hidden layer’ in this causal relationship. This hidden layer 
refers to the subsequent cognitive effects triggered by increased trans
parency of AI decisions, which may interfere with the intended positive 
impact of XAI on decision-making. We elaborate on this in the following 
hypotheses.

Among multidimensional conceptualizations of trust in technology, 
competence-based trust, defined as the belief that a system possesses the 
ability and reliability required to perform effectively within a given 
domain [44], is particularly critical in AI-enabled decision-making 
contexts, where users must often rely on system outputs under condi
tions of limited observability. Because users typically lack direct access 
to the algorithmic processes underlying AI recommendations, assessing 
system competence becomes inherently uncertain.

Perceived transparency helps mitigate this uncertainty by providing 
users with diagnostic insight into the system's reasoning processes [43]. 
Explanations can be understood as a form of knowledge transfer from 
the system to the user, enabling individuals to infer how and why spe
cific decisions are generated [58]. When users are able to trace the logic 
underlying AI recommendations, they are better positioned to evaluate 
whether the system's performance reflects system expertise rather than 
randomness. Such evaluability is foundational to competence-based 
trust, as perceptions of ability emerge when outcomes can be attrib
uted to skillful operation.

Moreover, transparency facilitates the development of more accurate 
mental models of the AI system. These mental representations allow 
users to approximate the boundaries of the system's capabilities and 
anticipate potential failure modes, thereby enhancing perceived pre
dictability and functional reliability [9,33]. By supporting users' ability 
to mentally simulate the system's decision logic, transparency reduces 
cognitive uncertainty and strengthens beliefs that the AI is operating 
correctly [58,59]. This mechanism is particularly relevant in ambiguous 
situations in which objective performance verification is difficult or 
costly, prompting users to rely on process-based cues when forming 
competence judgments [60–62].

In sum, this concept is supported by multiple empirical studies in XAI 
that have identified perceived transparency as a key antecedent of trust 
[32,63]. Accordingly, we hypothesize: 

Hypothesis 3a. (H3a): Perceived transparency is positively related to 
competence-based trust in the AI system.

As individuals increasingly collaborate with intelligent technologies, 
they tend to treat computer-based systems as quasi-team members, 
exhibiting social responses toward them that resemble those directed at 
human collaborators [64,65]. Within such collaborative arrangements, 
responsibility is often distributed across actors, giving rise to phenom
ena such as responsibility diffusion and social loafing [36]. Rather than 
being perceived solely as technical tools, AI systems are progressively 
construed as task-performing actors. This shift is driven by individuals' 
propensity to attribute human-like qualities to intelligent technologies 
(homunculus fallacy) [58] and the fact that AI artifacts are no longer 
passive tools and can assume responsibility for tasks [26]. Reflecting this 
evolution, scholars increasingly conceptualize AI as possessing a dual 
identity: simultaneously a computational artifact and an autonomous 
agent capable of shaping decision processes [48]. Consequently, users 
engaged in human-AI collaboration are predisposed to assign at least 
partial responsibility for decision outcomes to the system.

However, responsibility attribution requires more than mere 
participation in a task. It depends on whether the AI is perceived as a 
causally efficacious decision-maker rather than an opaque instrument. 
Here, perceived transparency plays a pivotal role as it provides insight 
into the system's reasoning and thereby clarifies how specific outputs are 
generated. As Josephson and Josephson [66] note, “[…] explanation is 
an assignment of causal responsibility” because it identifies the factors 
that produced a given outcome. By rendering the decision process 
intelligible, transparency reduces epistemic opacity (the condition in 
which users cannot access the system's internal reasoning or epistemic 

states) [67] and instead enables informed causal inferences about the 
origin of a recommendation.

Making the AI's epistemic state visible fulfills what philosophical 
accounts describe as the epistemic criterion for responsibility attribu
tion: actors are more likely to be held responsible when their beliefs, 
reasoning structures, or decision rules can be inferred [68,69]. Baird and 
Maruping [26] emphasize that human motivation to delegate re
sponsibility to an agentic IS artifact is contingent upon the transparency 
of the decision model, which encapsulates how options are ranked and 
choices are made. Understanding how an AI evaluates information and 
arrives at judgments strengthens perceptions that the AI actively shapes 
the decision rather than merely executing predefined commands. This 
shift promotes perceptions of functional agency, which is foundational 
for attributing responsibility. Therefore, we hypothesize the following: 

Hypothesis 3b. (H3b): Perceived transparency is positively related to 
users' attribution of responsibility to the AI system.

While H3a and H3b establish competence-based trust and re
sponsibility attribution as cognitive consequences of perceived trans
parency, the next step is to understand how these perceptions shape 
users' subsequent decision behavior. Prior research based on dual- 
process theory suggests that individuals allocate cognitive effort selec
tively, investing greater analytic processing when information is 
perceived as credible and diagnostically valuable [70]. Consequently, 
when an algorithm is trusted as competent (H3a), its recommendations 
are more likely to receive cognitive consideration rather than heuristic 
dismissal or disregard [71]. This increases the likelihood that users treat 
AI recommendations as meaningful input to their decision-making.

In line with this reasoning, trust is widely recognized as a critical 
determinant of whether users accept, rely upon, or disregard AI- 
generated recommendations [8,72]. Furthermore, when trust evolves 
into blind trust, users may become less inclined to rigorously evaluate 
potential alternatives and instead defer uncritically to the system's 
judgment [30,73]. Building on this reasoning, we propose that 
competence-based trust shapes whether users treat AI recommendations 
as valuable, thereby increasing the likelihood that they act on the rec
ommendations, either by accepting correct recommendations or 
following incorrect ones: 

Hypothesis 4a. (H4a): Competence-based trust is positively related to 
positive consultations.

Hypothesis 4b. (H4b): Competence-based trust is positively related to 
negative consultations.

In their review, Lerner and Tetlock [41] argue that responsibility is a 
concept of considerable logical complexity, shaped by the interaction 
between characteristics of the decision-maker and the surrounding task 
environment, giving rise to diverse behavioral consequences. Prior 
research consistently shows that individuals who perceive themselves as 
accountable engage in more vigilant information processing [74], pro
duce higher-quality judgments [75], and are less likely to exhibit 
cognitive biases [41]. These effects are commonly attributed to the 
motivational demands of accountability: perceiving oneself as respon
sible for outcomes increases the perceived need for justification, thereby 
encouraging more deliberate cognitive processing [76].

Attributing responsibility to an AI system reshapes how users 
cognitively approach a decision by shifting perceived ownership of the 
outcome. Accountability theory [41] suggests that individuals process 
information more carefully when they expect to be held responsible for 
their judgments, largely because responsibility creates a perceived need 
for justification. Anticipating that one may have to defend a decision 
motivates more deliberate and systematic evaluation of available in
formation. This aligns with the dual-process perspective, according to 
which perceived accountability increases intrinsic motivation to process 
information more analytically [70,77].

When responsibility is attributed to the AI rather than the user, this 
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justificatory pressure is reduced. Consequently, the shift can induce a 
social-loafing-like reduction in effort, because the user perceives the 
burden of careful evaluation as shared with the AI [78]. At the same 
time, it creates a moral-hazard-like incentive structure in which the 
perceived personal cost of insufficient scrutiny decreases. As a result, 
responsibility attribution does not merely alter role perception; it 
weakens the user's motivation to engage in effortful verification and 
increases reliance on the AI's recommendation as a peripheral cue. 
Consequently, we expect that this enhances users' acceptance of AI 
recommendations, leading to both increased negative and positive 
consultations. Accordingly, we posit: 

Hypothesis 5a. (H5a): Attribution of responsibility is positively related to 
positive consultations.

Hypothesis 5b. (H5b): Attribution of responsibility is positively related to 
negative consultations.

4. Research design

4.1. Experimental setup

To test the proposed research model, we conducted an online 
experiment with a between-subjects design, comparing two scenarios: a 
group receiving local feature-based XAI explanations and a control 
group without explanations. A between-subjects design was chosen to 
avoid carryover, learning, and contrast effects that would have occurred 
if participants had been exposed to both explained and non-explained AI 
recommendations. The experimental task required participants to 

classify car prices, deciding whether each car was above or below a 
market value threshold ($15,000). The scenario was selected because it 
requires no specific domain knowledge, represents an uncertain real- 
world decision problem where AI support adds value, and can be 
repeated across multiple iterations.

We trained a machine learning (a subset of AI) algorithm to perform 
the given task. This comes with the advantage of using the original AI 
output in our experiment. For this purpose, we used data from a leading 
US online car sale website. Based on that, we implemented a data pre
processing pipeline (e.g., categorization of car brands to reduce 
complexity) and trained a Random Forest Classifier by using 5-fold 
cross-validation. By doing so, we obtained an accuracy of 98% on our 
test sample of 1000 data points. With an Area Under the Curve (AUC) of 
0.98, our model represents a strong classifier. Given that our algorithm 
generates very few misclassifications, which are difficult to detect, we 
leveraged findings from adversarial attack research and deliberately 
manipulated a portion of the input data to provoke sufficiently clear and 
identifiable classification errors. These induced errors served as the 
foundation for our experimental setup and allowed for a controlled 
investigation of erroneous AI recommendations. Since the Random 
Forest Classifier belongs to the category of black-box AI, we used 
SHapley Additive exPlanations (SHAP) [79]. By adjusting the feature 
values of each data sample and observing the resulting changes in 
output, SHAP provides local interpretability by explaining predictions 
with respect to each feature. Local explanations are particularly valuable 
for end users who must interpret and act on individual predictions [50]. 
The generated classification and XAI results were then used as inputs for 
the experimental tasks.

Fig. 2. Exemplary user interface with XAI.
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The core experiment for each participant consisted of a brief intro
duction, the completion of twelve tasks, and a subsequent survey. 
Among other considerations, we deliberately limited the number of 
features presented in the explanations (see Fig. 2). Constraining the 
volume of explanatory information serves to mitigate cognitive overload 
and has been shown to enhance decision-making performance [35]. At 
no time were participants given information about their performance in 
order to limit additional methodological complexity (e.g., anchoring 
bias) that complicates the measurement and interpretation of 
explanation-specific effects on users' cognition [9].

To assess the effectiveness of the experimental manipulation of 
explanation provision (XAI vs. no XAI), we conducted a one-way 
ANOVA on a four-item scale measuring perceived explanatory infor
mation (e.g., “I had plenty of explanatory information regarding the AI- 
enabled service's estimation”; 1 = strongly disagree, 7 = strongly agree; 
α = 0.73). Participants in the XAI condition reported significantly higher 
scores (M = 4.24, SD = 1.17) compared to participants in the no XAI 
condition (M = 2.86, SD = 1.31). The difference was statistically sig
nificant, F(1, 198) = 61.78, p < .001, indicating that our manipulations 
worked as intended.

4.2. Measures

All latent variables in our research model were measured reflectively 
using seven-point Likert scales ranging from 1 (“strongly disagree”) to 7 
(“strongly agree”). Perceived transparency was measured using four 
adapted items based on the scale developed by Wang and Benbasat [43]
and later refined by Hamm et al. [50]. Competence-based trust was 
assessed using four contextualized items adapted from McKnight et al. 
[44]. Attribution of responsibility was captured using three items adapted 
from Yue and Li [80] and complemented by one additional item 
developed for the experimental context. Because participants received 
no outcome feedback during the experiment, we did not distinguish 
between pre- and post-decisional responsibility.

Our dependent variables, positive consultations and negative consul
tations, were operationalized as behavioral measures based on partici
pants' decision changes across tasks, following established approaches in 
automation bias research [27]. As control variables, we included AI 
knowledge, AI usage experience, gender, and age to account for po
tential individual differences in familiarity with AI systems and 
decision-making behavior. All measurement items are reported in 
Appendix A.

4.3. Data collection

Data collection was carried out in March 2025 via the online crowd- 
sourcing platform Prolific [81]. Within the survey, manipulation and 
attention checks were implemented to confirm participants' ability to 
engage with the presented scenario.

We estimated the minimum sample size using a power analysis for 
structural equation models [82]. We anticipate a medium effect size 
(0.3) to be appropriate for our analysis. Assuming a statistical power of 
0.9 and a significance level of 0.05, the analysis indicated that a mini
mum sample size of 153 observations is required to detect effects in the 
path model estimation. After data cleaning (i.e., attention checks and 
non-zero variance across survey items), we received a final sample of 
200 responses. Accordingly, we consider our statistical analysis to be 
sufficiently powered.

Our sample is composed of 102 responses from the scenario with XAI 
and 98 responses from the control group. On average, the participants 
needed 13.65 min (SD = 7.06) to complete the twelve price classifica
tion tasks. The average age of the participants is 37 years (SD = 14.75). 
100 (50.0%) respondents identified themselves as female and 100 
(50.0%) respondents identified themselves as male. In addition, we 
asked about the level of knowledge of AI technology (M = 3.65; SD =
1.37) and AI use experience (M = 4.12; SD = 1.52).

To ensure that the experimental task is sufficiently challenging to 
justify the need for ADM support, we asked participants to rate task 
difficulty on a 7-point Likert scale: “I found this task difficult.“With an 
average of 5.78, the task difficulty is in the upper middle range of the 7- 
point Likert scale.

5. Results

5.1. Measurement validation

A confirmatory factor analysis of the measurement model suggested 
an acceptable fit (χ2 = 164.73, df = 78, χ2/df = 2.112, RMSEA = 0.075, 
CFI = 0.972, TLI = 0.962, SRMR = 0.037 [83]). For the multi-item 
constructs, internal consistency (CR) and convergent validity (AVE) 
were evaluated, and standardized factor loadings were inspected as an 
indicator reliability check. Discriminant validity was confirmed using 
HTMT (max HTMT = 0.789, which is below 0.85 [83]) and Fornell- 
Larcker criterion (i.e., the square root of the average variance extrac
ted exceeds the correlations with any other construct in the model, 
[84]). As perceived transparency, attribution of responsibility, and 
competence-based trust are highly correlated, we further assessed their 
bivariate discriminant validity and compared constrained and uncon
strained models [85]. Specifically, the chi-square difference tests 
revealed significant differences for perceived transparency and attri
bution of responsibility (Δχ2(1) = 503.96, p < .001), perceived trans
parency and competence-based trust (Δχ2(1) = 376.77, p < .001), and 
attribution of responsibility and competence-based trust (Δχ2(1) =
488.56, p < .001). The results provide further evidence that the con
structs are empirically distinct. Descriptives, reliabilities, and correla
tions are reported in Table 3.

5.2. Hypotheses testing

In experimental research designs with latent variables, structural 
equation modeling (SEM) can be preferable to other methods because it 
is advantageous for correcting measurement errors [86]. Thus, we use 
SEM to analyze our data. As negative and positive consultations repre
sent count variables, we utilize maximum likelihood estimation with 
robust (Huber-White) standard errors (implemented as MLR in lavaan 
0.6–21 [87]) to account for violations of non-normality. The model 
structure displayed an acceptable fit (χ2 = 237.651, df = 119, χ2/df =
1.997, RMSEA = 0.071, CFI = 0.962, TLI = 0.948, SRMR = 0.051). The 
results of the path estimation are shown in Fig. 3.

The findings provide partial support for our theorized double-edged 
sword of XAI in ADM. Consistent with H1, the presentation of AI ex
planations significantly increases perceived transparency (b = 0.192, p 
= .006). With regard to the direct behavioral consequences of perceived 
transparency, the results reveal a differentiated pattern of effects. 
Perceived transparency does not significantly increase positive consul
tations (b = 0.029, p = .825), providing no support for H2a. In contrast, 
perceived transparency exhibits a statistically significant negative rela
tionship with negative consultations (b = − 0.255, p = .045), yielding 
support for H2b.

Turning to the proposed inner model mechanisms, perceived trans
parency substantially enhances competence-based trust (b = 0.796, p <
.001), providing support for H3a. Likewise, consistent with H3b, 
perceived transparency significantly increases attribution of re
sponsibility (b = 0.664, p < .001). The effects of the mediators on 
consultation behavior reveal significant support for negative consulta
tions but no support for positive consultations. Neither competence- 
based trust (b = 0.078, p = .434) nor attribution of responsibility (b 
= 0.125, p = .126) significantly predicts positive consultations, 
providing no support for H4a and H5a. In contrast, competence-based 
trust significantly increases negative consultations (b = 0.265, p =
.019), supporting H4b, and likewise attribution of responsibility shows a 
positive effect on negative consultations (b = 0.327, p < .001), 
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supporting H5b.
To better understand the proposed competitive mediation between 

perceived transparency and consultation behavior, we calculated total 
effects as well as indirect effects. Considering the total effects first, 
perceived transparency exhibits a positive overall association with both 
consultation outcomes. Specifically, perceived transparency shows a 
significant total effect on positive consultations (b = 0.174, p = .037) as 
well as on negative consultations (b = 0.173, p = .015). Next, we 
examined the indirect pathways through the proposed mediators. For 
positive consultations, neither of the specific indirect effects reaches 
statistical significance. In contrast, the effects on negative consultations 
are mediated through both heuristic pathways. Perceived transparency 
shows a significant positive indirect effect via attribution of re
sponsibility (b = 0.217, p = .001) and a significant positive indirect 
effect via competence-based trust (b = 0.211, p = .018). Together, these 
mechanisms yield a substantial and statistically significant total indirect 
effect on negative consultations (b = 0.428, p < .001). Overall, the re
sults provide support for the proposed competitive mediation on nega
tive consultation behavior where the intended benefits of increased 
transparency are partially offset by unintended cognitive and behavioral 
effects.

5.3. Robustness checks

Our results may be sensitive to the distributional specification of 
consultation behavior and alternative causal model structures. First, the 
count nature and potential zero inflation of the consultation outcomes 
warrant additional scrutiny (positive consultations: Skewness = 2.51, 
Kurtosis = 9.93, 62% zero counts; negative consultations: Skewness =
1.49, Kurtosis = 1.63, 53% zero counts). We therefore re-estimated the 
outcome models using generalized linear models that explicitly account 
for overdispersion and zero inflation. Poisson models revealed over
dispersion (positive consultations: dispersion = 1.44, z = 1.84, p = .033; 
negative consultations: dispersion = 1.71, z = 3.13, p = .001), leading us 
to estimate negative binomial regressions. Results were consistent with 

the SEM findings: no focal predictors significantly related to positive 
consultations, whereas perceived transparency negatively predicted 
negative consultations (b = − 0.264, p = .014), and attribution of re
sponsibility (b = 0.371, p < .001) as well as competence-based trust (b 
= 0.257, p = .023) showed positive associations.

Second, we examined alternative causal models, including interac
tion and reciprocal structures between competence-based trust and 
attribution of responsibility. Both models showed inferior fit compared 
to the proposed research model. Specifically, the interaction model 
exhibited substantially worse fit (ΔBIC = 923.115), providing strong 
evidence in favor of the proposed model, while the bidirectional model 
also showed poorer fit (ΔBIC = 1.298), indicating no empirical support 
for reciprocal effects between the constructs.

6. Discussion and implications

6.1. Summary of findings

This research aims to investigate how explainability can trigger un
intended cognitive effects, and how these effects influence reliance 
behavior in ways that may ultimately reduce performance. Building on 
S-O-R [5,6] and on a dual-process perspective [15], we theorized that 
explanation-induced transparency can exert a double-edged effect (i.e., 
enhancing or degrading ADM performance) through ambivalent cogni
tive pathways. Overall, our results support this claim.

Considering the total effects, perceived transparency shows a posi
tive and significant overall association with both positive and negative 
consultations. In other words, transparency in our experimental setting 
alters reliance calibration in both directions: some decisions improve 
through increased reliance on correct AI recommendations, while others 
deteriorate through increased reliance on incorrect recommendations. 
At the same time, a closer examination of the mediation pathways re
veals a double-edged effect that unfolds for negative consultations. 
Specifically, transparency influences consultation behavior through two 
competing cognitive pathways (i.e., competence-based trust and 

Table 3 
Descriptives, reliabilities, and correlations.

Construct Scale Mean (SD) FL CR AVE 1 2 3 4 5 6

1. Perceived Transparency 1–7 3.504 (1.761) 0.844–0.954 0.948 0.820 0.906
2. Attribution of Responsibility 1–7 3.336 (1.621) 0.837–0.954 0.941 0.800 0.625 0.894
3. Competence-based Trust 1–7 3.688 (1.623) 0.932–0.955 0.971 0.894 0.774 0.645 0.945
4. Positive Consultations 0–12 0.600 (0.977) NA NA NA 0.156 0.188 0.174 NA
5. Negative Consultations 0–12 0.995 (1.380) NA NA NA 0.139 0.316 0.263 0.360 NA
6. Explanations of AI Output Binary 0.510 (0.501) NA NA NA 0.230 0.100 0.097 0.039 0.105 NA

Notes. SD, standard deviation; FL, factor loading (range); CR, composite reliability; AVE, average variance extracted; bolded numbers indicate the square root of the 
AVE.

Fig. 3. Results.
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attribution of responsibility), such that the intended benefits of 
increased transparency coexist with unintended behavioral conse
quences. These findings support the core logic of our model and 
demonstrate that explainability reshapes decision behavior rather than 
uniformly improving it. This, in turn, can explain the degraded decision 
performance associated with XAI in ADM.

Notably, the indirect effects via competence-based trust and attri
bution of responsibility are estimated to have a similar magnitude. 
While we do not interpret this as evidence that both mechanisms exert 
identical influence, the comparable effect sizes suggest that epistemic 
evaluations of AI competence and shifts in perceived responsibility may 
represent similarly relevant pathways through which transparency af
fects reliance behavior.

Finally, the absence of significant effects on positive consultations, 
despite clear effects on negative consultations, points to a central XAI 
paradox. Explanations appear to increase users' reliance on AI recom
mendations without correspondingly improving their ability to identify 
when such reliance is warranted. In this sense, XAI may function less as a 
corrective aid than as a persuasive cue that lowers the threshold for 
following AI recommendations. One plausible explanation lies in the 
asymmetry of decision correction processes. Adopting AI recommen
dations when holding an initially incorrect judgment (i.e., ‘acknowl
edging the AI is right, while I am wrong’) rather than holding an initially 
correct judgment (i.e., ‘correctly rejecting the AI recommendation, 
because the AI's flaw can be identified’) requires effortful belief updat
ing, which has been shown to rely on significant motivational engage
ment [88] and which transparency alone may not sufficiently trigger. In 
contrast, transparency-induced trust- and responsibility-related cues can 
lower the threshold for deferring to AI recommendations more gener
ally. This reliance-enhancing tendency does not systematically promote 
correct consultations, but it increases the likelihood of changing de
cisions in situations where users already experienced uncertainty.

6.2. Contributions to IS and decision sciences research

With our focus on calibrated reliance, our study makes three con
tributions to IS and Decision Sciences research on ADM under high 
uncertainty. In doing so, we set our study apart from research on algo
rithmic aversion, which conceptualizes reliance on AI recommendations 
as inherently beneficial [e.g., 16–18].

First, we reconceptualize explainability in ADM contexts with fallible 
(i.e., probabilistic and therefore inherently subject to errors) AI recom
mendations as a cognitively ambivalent intervention which may trigger 
not only intended but also unintended cognitive effects. Existing liter
ature has treated transparency as an inherently beneficial property that 
provides the capability to improve human judgment (i.e., intended 
cognitive effect) which leads to higher decision performance [29,56,57]. 
Our central proposition and findings challenge this assumption by pro
posing and showing that, when AI recommendations are fallible, 
explainability can simultaneously generate beneficial and detrimental 
reliance outcomes. This dual effect helps to explain the inconsistent 
findings regarding performance degradation in the existing IS and De
cision Sciences literature. Importantly, this reconceptualization (e.g., 
ambivalent consequences) extends the current theoretical understand
ing of automation bias. Prior work has largely associated automation 
bias with opaque or highly automated systems [1,36,78]. Our results 
demonstrate that even in transparent ADM settings with explainable but 
fallible AI recommendations, explainability itself can become a source of 
biased reliance by amplifying heuristic decision processes.

Second, we contribute to IS and Decision Sciences literature through 
context-specific theorizing [89], by explaining how reliance mecha
nisms operate in ADM settings characterized by high uncertainty. Baird 
and Maruping's [26] notion of agentic IS suggests that decision-makers 
do not merely interact with AI as a passive informational tool, but 
perceive it as an entity capable of assuming decision-making re
sponsibility under uncertainty. We extend this perspective to XAI- 

supported ADM by showing that explanations amplify such percep
tions. More specifically, we demonstrate that competence-based trust 
and responsibility attribution are key drivers of reliance calibration by 
shaping how users interpret and act upon explainable but fallible AI 
recommendations. This expands our understanding of the boundary 
conditions under which automation bias emerges in AI-enabled decision 
support. From this perspective, automation bias in XAI-supported ADM 
should not only be understood as an episodic judgment error at the level 
of individual recommendations. Rather, it may reflect a broader tran
sition from recommendation-level reliance to task-level cognitive dele
gation. As users repeatedly experience an AI system as transparent, 
competent, and responsible, they may become less inclined to scrutinize 
individual outputs and more willing to delegate entire cognitive tasks to 
the system. This insight is particularly relevant for agentic AI settings, 
where AI systems increasingly act on behalf of users rather than merely 
provide decision inputs. In such contexts, XAI may unintentionally 
facilitate automation bias by making delegation appear justified and 
controllable, thereby shifting the risk from following erroneous recom
mendations to delegating tasks without sufficient monitoring.

Third, our findings contribute to Decision Sciences design theory in 
ADM settings characterized by uncertain and fallible AI recommenda
tions by conceptualizing explainability as a reliance-shaping design 
mechanism rather than as a uniformly performance-enhancing trans
parency feature. Prior research has predominantly emphasized the 
intended benefits of XAI-induced transparency [29] and often treats 
explanation provision as a uniformly beneficial design intervention. In 
contrast, our results demonstrate that explainability can produce unin
tended consequences by amplifying competence-based trust and shifting 
responsibility, thereby reshaping reliance calibration in ways that may 
increase susceptibility to erroneous recommendations. In doing so, we 
challenge one-size-fits-all approaches to explainability [43] and argue 
that explanation design must explicitly account for the fallibility of AI 
recommendations and the cognitive processes they can activate. Rather 
than assuming that more transparency inherently improves decision 
performance, system design should recognize heterogeneity in how 
users process explanations. Explanations may either be processed as 
inputs for deliberative scrutiny or as heuristic cues that signal compe
tence and legitimacy. Consequently, explainability mechanisms and 
related safeguards should be designed not only to enhance under
standing but also to regulate reliance behavior. Importantly, the re
quirements for such safeguards may vary with the degree of agency 
exhibited by the AI system. In settings centered on individual recom
mendations, safeguards primarily need to support the calibrated eval
uation of a specific AI output and prevent its uncritical acceptance at a 
discrete decision point. In proactive, multi-step agentic settings, by 
contrast, safeguards must extend beyond recommendation-level scru
tiny and support effective human control across the entire action tra
jectory. Users need to remain informed about intermediate actions, 
accumulating uncertainty, and possible error propagation, while 
retaining meaningful opportunities to intervene before the system takes 
consequential actions.

6.3. Practical contributions

Our study also offers important implications for practitioners and 
legislators. Our findings demonstrate that explainability in ADM should 
not be treated as a universally beneficial design feature but as a 
behavioral intervention that reshapes reliance. In particular, our results 
indicate that XAI-induced transparency may increase users' perceived 
competence of the AI and foster responsibility diffusion toward the 
system, both of which can contribute to overreliance and increase the 
likelihood of negative consultations. By linking dual-process mecha
nisms to prescriptive design logic, we extend prior recommendations on 
system design by suggesting that effective XAI design should not merely 
aim to maximize transparency and system acceptance but should 
incorporate targeted safeguards at selected intervention timings 
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throughout the decision process to attenuate these unintended cognitive 
effects while preserving the deliberative benefits of explanations (see 
Table 4). In environments characterized by fallible AI recommendations, 
explainability should therefore be aligned with users' cognitive charac
teristics and reliance tendencies (e.g., cognitive fit), ensuring that 
transparency enhances decision performance without inadvertently 
increasing users' susceptibility to automation bias.

The critical role of responsibility in human-AI collaborative decision- 
making also presents significant challenges for existing legal frame
works, as current legal systems do not recognize AI as an entity capable 
of bearing legal responsibility. In addition, policy initiatives that 
mandate “more explainability” may be insufficient if transparency in
creases overreliance. Regulatory guidance should therefore emphasize 
calibrated reliance rather than transparency alone.

6.4. Limitations and opportunities for future research

There are, however, some limitations that offer fruitful avenues for 
future research. More specifically, our findings should be interpreted 
within the boundary conditions of the present empirical setting, which 
involve a single explanation modality, a single task with low-stakes 
decision context, limited process-related measures and a fixed AI accu
racy profile. First, XAI was examined in the form of local explanations 
provided by SHAP. While this decision was made to demonstrate the 
general effect of XAI on automation bias, one should leverage the full 
richness of available XAI approaches (e.g., counterfactual, natural lan
guage, rule-based) to test for additional insights into the potential 
impact of diverse design elements on automation bias.

Second, the findings of the study may be limited to the specific task of 
price classification, which represents a relatively low-stakes context. 
Therefore, caution should be exercised when generalizing the results to 
other settings. To increase the generalizability, the study should also be 
replicated in other task contexts, where decision-makers perceive an 
actual risk that could influence their tendency toward automation bias, 
such as healthcare or financial auditing. Building on this, future research 
should explicitly examine how these mechanisms operate in more 
advanced forms of human-AI interaction. In addition, we acknowledge 
that longitudinal or repeated-interaction designs may reveal recursive 
dynamics that shape human-AI interaction over time. Longitudinal work 
could examine whether repeated exposure to XAI gradually shifts users 
from active scrutiny to cognitive delegation. In this sense, automation 
bias may not only reflect isolated decision errors but also a transitional 
cognitive phenomenon in which users adapt to increasingly capable and 
autonomous systems. Future research should investigate how this 
transition unfolds in agentic AI environments and identify the conditions 
under which it improves or undermines decision quality.

Third, we do not directly measure System 1 or System 2 processing. 
Instead, we rely on dual-process theory as an interpretive framework to 
examine reliance-relevant perceptions and decision changes. Future 
research should therefore incorporate more direct process-related 
measures, such as eye-tracking, mouse-tracking, or neurophysiological 
indicators. Such process-related measures would help distinguish more 
precisely between different cognitive pathways underlying the same 
observable reliance behavior by capturing users' attention allocation, 
explanation inspection, advice comparison, and signs of conflict or 
effortful reconsideration. Finally, we deliberately set the AI's accuracy to 
50% by applying adversarial perturbations to ensure a balanced distri
bution across the confusion matrix. This design choice may have made 
the AI's fallibility more salient, potentially lowering perceived compe
tence, trust, and reliance. However, our results provide no clear evi
dence for this concern; participants still overrode their initial judgments 
in favor of the AI's recommendations. Nevertheless, future studies 
should shed light on different or even dynamic AI decision capabilities to 
reveal additional insights into the calibration of human-AI 
collaboration.
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Appendix A. Construct measurement

Perceived transparency (adapted from [43,50]): “The AI clearly 
presented its reasoning process to me”, “It was easy for me to see how 
this AI generates recommendations”, “It was easy for me to understand 
the inner workings of this AI”, and “I could understand why and how this 
AI makes the recommendations”. Competence-based trust (adapted 
from [44]): “The AI is competent in providing car price estimations”, 
“The AI performs its role of giving car price estimations very well”, 
“Overall, the AI is capable and proficient in giving car price estima
tions”, and “In general, the AI is very knowledgeable about giving car 
price estimations”. Attribution of responsibility (adapted from [80], 

Table 4 
Linking of unintended cueing effects and design-safeguards.

Cueing Effect Design-Safeguards Timing of 
Intervention

Perceived 
competence- 
based trust

Explicitly communicate limitations and 
known failure boundaries of 
explanations (i.e., explanations as 
approximations) 
Visually separate explanations from 
endorsement cues to avoid persuasive 
framing 
Include epistemic warning signals (e.g., 
“The explanation may be imprecise in 
cases like this.”) 
Cognitive forcing functions that make 
users form and record an independent 
initial judgment before seeing the AI 
explanation

Across-task 
interaction 
Across-task 
interaction 
AI-exposure 
stage 
Pre-AI exposure

Attribution of 
responsibility

Adaptive reliance-aware explainable 
user interface that tailors explanations to 
observed reliance patterns (e.g., by using 
contrastive explanations or displaying 
prominent uncertainty markers) 
Explicit responsibility framing (e.g., 
“Final decision authority remains with 
you.”) 
Adaptive user interface that requires 
users to explicitly justify why they accept 
XAI explanations and thereby change 
their initial judgment

AI-exposure 
stage 
Post-AI 
exposure 
Post-AI 
exposure
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item 4 self-developed): “I believe that the task outcome is the re
sponsibility (contribution) of the AI”, “I feel that this outcome is largely 
due to the AI's estimation”, “I feel that this outcome is strongly related to 
the AI”, and “The AI should get credit for most of what was accom
plished on this task”. AI knowledge: “My knowledge on AI is …”. AI use: 
“I have used AI …”. Negative and positive consultations were calculated 
based on actual user decisions (see Table 1).

Data availability

Data will be made available on request.
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