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Abstract
As Artificial Intelligence (AI) becomes increasingly embedded in high-stakes domains such as healthcare, law, and pub-
lic administration, automation bias (AB)—the tendency to over-rely on automated recommendations—has emerged as a 
critical challenge in human–AI collaboration. While previous reviews have examined AB in traditional computer-assisted 
decision-making, research on its implications in modern AI-driven work environments remains limited. To address this gap, 
this research systematically investigates how AB manifests in these settings and the cognitive mechanisms that influence it. 
Following PRISMA 2020 guidelines, we reviewed 35 peer-reviewed studies from SCOPUS, ScienceDirect, PubMed, and 
Google Scholar. The included literature, published between January 2015 and April 2025, spans fields such as cognitive 
psychology, human factors engineering, human–computer interaction, and neuroscience, providing an interdisciplinary foun-
dation for our analysis. Traditional perspectives attribute AB to over-trust in automation or attentional constraints, resulting 
in users perceiving AI-generated outputs as reliable. However, our review presents a more nuanced view. While confirming 
some prior findings, it also sheds light on additional interacting factors such as, AI literacy, level of professional expertise, 
cognitive profile, developmental trust dynamics, task verification demands, and explanation complexity. Notably, although 
Explainable AI (XAI) and transparency mechanisms are designed to mitigate AB, overly technical, cognitively demanding, 
or even simplistic explanations may inadvertently reinforce misplaced trust, especially among less experienced profession-
als with low AI literacy. Taken together, these findings suggest that although explanations may increase perceived system 
acceptability, they are often insufficient to improve decision accuracy or mitigate AB. Instead, user engagement emerges as 
the most feasible and impactful point of intervention. As increased verification effort has been shown to reduce complacency 
toward AI mis-recommendations, we propose explanation design strategies that actively promote critical engagement and 
independent verification. These conclusions offer both theoretical and practical contributions to bias-aware AI development, 
underscoring that explanation usability is best supported by features such as understandability and adaptiveness.
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1  Introduction

The tendency to over-rely on automated systems has its roots 
in a cognitive phenomenon known as automation bias (AB). 
As Artificial Intelligence (AI) continues to influence critical 
fields such as healthcare, law, and public administration, the 

need to unravel the mechanisms of AB has grown increas-
ingly urgent (Romeo and Conti 2024). To the best of our 
knowledge, existing reviews have focused on AB in rela-
tion to traditional computer-based aids rather than AI-driven 
systems (see Goddard et al. 2012; Lyell and Coiera 2017). 
This paper aims to assess AB specifically within the context 
of human–AI collaboration. To achieve this, we integrate 
findings from the studies identified through the PRISMA 
method into human–AI decision-making research. This 
approach helped us develop deeper research questions. It 
also provides a comprehensive and up-to-date perspective 
on AB in contemporary AI-assisted environments.
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1.1 � What is human–AI decision‑making?

The advance of AI technologies has led to their increasing 
integration across various job sectors to support decision-
making processes. In high-stakes domains such as justice, 
business, and healthcare, fully automated solutions are 
often neither practical nor desirable due to safety, ethical, 
and legal concerns. Conversely, relying solely on manual 
methods may result in inaccuracies and wasted time. To 
address these challenges, AI assistance has been proposed 
to augment human decision-making by offering predic-
tions or recommendations for each decision task. This 
scenario is commonly referred to as Human–AI Decision-
Making, alongside related terms such as Human–AI Col-
laboration and Human–AI Teaming (Lai et al. 2023).

This vision of accomplishing complex goals by combin-
ing human and AI to collectively achieve superior results 
has also been described as Hybrid Intelligence (HI) sys-
tems (Dellermann et al. 2021). This interaction paradigm 
assumes that collaboration between humans and AI can 
outperform their independent abilities thanks to the com-
plementarity of their skill sets: AI surpasses human per-
formance levels in specific tasks such as data analysis and 
image recognition (e.g., cancer detection), whereas it still 
struggles with complex decision-making, adaptability in 
dynamic environments, and tasks requiring common sense, 
areas where humans excel (Dellermann et al. 2021).

1.1.1 � Trust calibration and other challenges in hybrid 
decision‑making

Trends in the literature on human–AI interactions vary in 
their scope of decision-making tasks, but predominantly 
focus on one aspect: trust (Lai et al. 2023). Trust is argu-
ably the most critical variable in human–automation inter-
action (Wickens et al. 2021). In the automation context, 
trust is defined as «the attitude that an (automated) agent 
will help achieve an individual’s goals in a situation char-
acterized by uncertainty and vulnerability» (Lee and See 
2004: p.51). To prevent both automation misuse, where 
individuals over-rely on systems beyond their capability, 
and automation disuse, that is the underutilization of tech-
nology due to distrust, trust calibration is essential in the 
design of automated systems. This involves aligning the 
level of trust with the system’s actual capabilities (i.e., 
system’s trustworthiness) to avoid blind reliance on AI, 
especially since AI systems are not immune to errors (Lee 
and See 2004). In essence, trust reflects an affective and 
cognitive evaluation of beliefs about system competence. 
Proper trust calibration, or appropriate reliance, occurs 

when users choose to rely on automation when it provides 
accurate information, and avoid reliance when it does not.

Several factors shape trust, with system reliability 
being the most influential. Highly reliable systems tend 
to foster trust and reliance, while failures (particularly the 
first failure) can significantly erode it. System complex-
ity also undermines trust, as users struggle to understand 
processes (the “black box effect”). Other key influences 
include system transparency and individual differences: 
user’s experience, confidence, and familiarity with auto-
mation play vital roles in determining trust levels (Wick-
ens et al. 2021).

However, miscalibrated trust can result in overreliance, or 
over-trust. This occurs when users assume that automation 
will operate flawlessly, failing to critically evaluate its per-
formance, that is when user’s trust overcomes the system’s 
actual accuracy and trustworthiness. In situations with high 
workload, users may reallocate attention to manual tasks, 
neglecting the automation. Such behavior increases the risk 
of delayed detection of automation errors. A direct conse-
quence of this behavioral pattern is the cognitive error of AB 
(Wickens et al. 2021). Therefore, the effective realization 
of the potential benefits of human–AI collaboration entails 
addressing three primary challenges (Steyvers and Kumar 
2024):

Understanding and improving human–AI complementa-
rity to develop AI systems that can complement human 
decision-making rather than simply replace it. This 
entails identifying areas where AI and human capabilities 
overlap or differ and leveraging those to achieve superior 
joint outcomes.
Understanding human mental models of AI, that is how 
humans perceive AI systems including their beliefs about 
the accuracy, capabilities, and trustworthiness of AI. Mis-
aligned or incomplete mental models can lead to over-
reliance or underutilization of AI.
Designing effective human–AI interactions by optimizing 
the timing and information shared by AI to avoid cogni-
tive overload while fostering engagement. This includes 
developing explainable AI systems and ensuring the 
interaction aligns with human cognitive limitations and 
workflows.

Addressing these challenges requires the development 
of robust human–AI collaboration models to enhance our 
understanding of this phenomenon. Numerous models have 
been proposed, and their key features are summarized in the 
following tables. Specifically, Table 1 presents the compo-
nents of study design related to human–AI decision-making 
(Lai et al. 2023).

Table 2 outlines the socio-technical framework of Hybrid 
Intelligence (HI) systems (Hemmer et al. 2021).
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Finally, Table 3 provides a systematic framework for 
achieving human–AI synergy in decision-making processes 
(Bao et al. 2023).

While various gaps are identified by different authors, 
this discussion focuses on those concerning the human 
component present in all models, particularly the influ-
ence of biases. In human-centered patterns of human–AI 

decision-making, the “black box” issue of AI and the cog-
nitive limitations of human thinking pose significant chal-
lenges to achieving optimal decisions and true synergy (Bao 
et al. 2023). The focus of this review is primarily on biases, 
specifically AB.

AB has been hypothesized to negatively impact per-
formance (Hemmer et al. 2021), yet its effects remain 

Table 1   Components of study 
design on human–AI decision-
making (Lai et al. 2023)

Table 2   Socio-technical 
framework of HI systems 
(Hemmer et al. 2021)

Table 3   Systematic framework 
of human–AI synergy in 
decision-making (Bao et al. 
2023)
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underexplored, particularly within the context of Explain-
able AI (XAI) techniques, where conflicting findings high-
light the need for further investigation. While some studies 
suggest that explanations can mitigate cognitive biases, 
others indicate that transparency may exacerbate biases, 
leading to over-reliance, under-reliance, or misapplica-
tion of the explanation (Bertrand et al. 2022). Addition-
ally, given the increasing application of AI in high-stakes 
contexts, AB also has important legal implications: while 
human oversight is legislatively emphasized, existing 
regulations like the GDPR and AI Act do not adequately 
address AB in hybrid decisions (Ruschemeier and Hon-
drich 2024).

A further concern arises with the global deployment 
of AI systems across diverse populations. Emerging evi-
dence shows that cultural, gender, socioeconomic, and 
regional factors significantly influence how humans rely 
on AI, whereas many design assumptions continue to 
reflect dominant Western perspectives (Ge et al. 2024). 
Cultural norms shape users’ expectations of AI systems. 
For instance, European Americans prioritize control 
over AI, viewing it as a tool, while Chinese participants 
value connection and openness to AI’s autonomy. African 
Americans exhibit intermediate preferences, emphasizing 
both control and relational aspects. These differences are 
rooted in broader cultural models of self: individualistic 
societies often favor hierarchical relationships with AI, 
while collectivist cultures are more open to viewing AI as 
a collaborative partner (Ge et al. 2024). Such disparities 
risk embedding cultural biases into AI systems, potentially 
making certain populations more vulnerable to AB.

Building on the existing models of human–AI decision-
making, this review examines the occurrence of AB in 
human–AI collaboration, with a focus on potential correla-
tions with factors highlighted in these models, including:

•	 Task characteristics, as risk, required expertise (Lai 
et al. 2023), and complexity (Hemmer et al. 2021).

•	 Cognitive and personality traits (Hemmer et al. 2021) 
and socio-demographic factors (Ge et al. 2024).

•	 Human mental models of AI (Steyvers and Kumar 
2024) and the effects of human perception of explaina-
ble and transparent AI suggestions on decision-making 
(Bao et al. 2023).

•	 Cognitive overload (Steyvers and Kumar 2024).
•	 The order of displaying predictions to humans (Hem-

mer et al. 2021).
•	 Interplay with other biases and heuristics (Bertrand 

et al. 2022).

This endeavor aims to provide an integrative framework 
for this phenomenon.

1.2 � Defining automation bias: a cognitive limitation 
in human–automation interaction

AB is a cognitive phenomenon where humans display an 
overreliance on automated systems, favoring automated rec-
ommendations over their own judgment, even when contra-
dictory and more accurate information is available (Cum-
mings 2004).

The level of automation, ranging from fully automated 
to primarily manual solutions, influences the four stages 
of human information processing: information acquisition, 
information analysis, decision-making/action selection and 
action implementation. Within this information-processing 
framework, AB frequently results in two types of errors: 
errors of commission and errors of omission. Errors of 
commission occur when decision-makers take inappropri-
ate actions based on erroneous automated suggestions with-
out verifying them against alternative information sources. 
Errors of omission, on the other hand, arise when decision-
makers did not take appropriate action when not informed or 
alerted by the decision aid (Wickens et al. 2021).

Previous reviews on this topic identified mediators of 
AB in user factors, task characteristics and environmental 
conditions. The first user factor is experience, which acts as 
a moderator, since experience may decrease overreliance, 
even though AB can still occur among experienced users; 
then confidence in the user’s own decision also decreases 
reliance on external support, whereas predisposition to trust 
was considered the most driving factor. On the other hand, 
task factors such as complexity and workload were also con-
sidered to intensify reliance on automation, along with envi-
ronmental influences as time pressure and cognitive overload 
that lead to reallocation of attention and increase AB likeli-
hood (Goddard et al. 2012). Interestingly, AB is not limited 
to multitasking scenarios but also encompasses single-task 
scenarios. In fact, it is more closely associated with cog-
nitive load than multitasking per se. Cognitive overload is 
considered the most significant factor inhibiting users from 
adequately verifying automation accuracy, thereby increas-
ing AB: the harder the verification complexity, that is the 
complexity of verifying that the automation is performing 
correctly, the greater the likelihood of undue trust in the 
system (Lyell and Coiera 2017). Therefore, cognitive over-
load and trust remain the most crucial factors since, para-
doxically, higher automation accuracy can further reinforce 
user trust, leading to an increased likelihood of AB. Users 
often fail to critically evaluate automation outputs when they 
perceive the system to be highly reliable (Lyell and Coiera 
2017).

Overall, some aspects of the AB stem from these atten-
tional/working-memory limitations. However, other aspects 
of AB are rooted in decisional rather than merely atten-
tional factors. Like other decision heuristics and biases, AB 
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reflects the tendency of humans to minimize cognitive effort, 
a tendency described by the “cognitive miser” hypothesis 
(Wickens et al. 2021). For example, confirmation bias and 
related confirmatory heuristics also contribute to inappro-
priate reliance on technology. Confirmation bias refers to 
the tendency to seek, interpret, and remember information 
that confirms existing beliefs. This bias significantly shapes 
how users interact with AI systems, especially when they 
are highly confident in their own judgments while having 
limited understanding of how AI works. As a result, users 
may over-rely on models that reinforce their own biases or 
under-rely on models that might challenge or correct those 
biases (Lu and Yin 2021). Thus, AB does not operate in 
isolation but interacts with other cognitive biases.

Another important concept closely related to AB is auto-
mation complacency. The literature remains divided on 
whether these should be treated as distinct phenomena or as 
overlapping forms of automation misuse. Some research-
ers emphasize differences in their cognitive and situational 
antecedents (Wickens et al. 2015), while others highlight 
substantial overlap, viewing both as manifestations of shared 
underlying attentional and decision-making mechanisms 
(Parasuraman and Manzey 2010).

Following the approach of previous reviews, we will 
treat these terms interchangeably for simplicity. Addition-
ally, we will examine the drivers of AB in contrast to those 
of its counterpart, algorithmic aversion, given that both are 
influenced by users’ often unaware expectations about AI 
performance (Jones-Jang and Park 2023). Both over-reliance 
and under-reliance are antithetical forms of miscalibrated 
trust. Striking the right balance remains a major challenge, 
and we still lack a full understanding of why such extremes 
are so prevalent.

2 � Methodology

The search was conducted using the PRISMA 2020 frame-
work (Page et al. 2021) to examine AB in human–AI col-
laboration. Considering the occurrence of AB in this con-
text, with a focus on potential correlations with human–AI 
decision-making models’ components (cf. 1.1.1), this review 
seeks to answer the following research questions (RQs):

RQ1: What are the causal or mediator factors of automa-
tion bias?

RQ2: Does automation bias co-occur with other cogni-
tive biases?

RQ3: Can explainability or transparency mitigate auto-
mation bias?

RQ4: Is AI literacy or an improved mental model neces-
sary to reduce automation bias?

RQ5: Are individual differences observed in the manifes-
tation of automation bias?

2.1 � Search strategy and eligibility criteria

A systematic search was performed on SCOPUS, Science-
Direct, PubMed and Google Scholar. Studies were collected 
on May 2025.

The included studies had to meet the following criteria: 
(I) published in peer-reviewed journals in the last 10 years 
(between January 2015 and April 2025), (II) written in Eng-
lish, (III) use quantitative and experimental designs, (IV) 
focus on automation bias or over-reliance behavior. While 
the exclusion criteria were as follows: (I) pre-prints, con-
ference proceedings, theses or dissertations, reviews, and 
qualitative studies; (II) studies centered on AI acceptability 
or trust calibration without addressing automation bias; (III) 
articles discussing the technical development of AI or algo-
rithmic biases unrelated to automation bias.

Before starting the review process, the two independent 
researchers agreed on the procedure and criteria for evalu-
ating the search strategy. This ensured consistency in their 
evaluations, which ultimately led to a 0.95 Cohen's Kappa 
agreement index. In cases of disagreement, critical points 
were discussed and resolved through a collaborative meet-
ing, ensuring an accurate and consistent evaluation.

Applying the PICo (Population, phenomenon of Inter-
est, Context) search strategy (Stern et al. 2014), the search 
strategy was constructed using Boolean operators to connect 
key terms and focus on the scope of the inquiry. The final 
query was: (“professional*”) AND (“automation bias” OR 
“over-reliance” OR “cognitive bias*”) AND (“Human-AI 
collaboration” OR “Human-AI team*” OR “Human-AI deci-
sion making” OR “AI assisted” OR “AI aided” OR “XAI” 
OR “explainab*”). However, we were able to adopt this 
complete string in Google Scholar only given its flexibil-
ity. In Science Direct we adjusted the query for indexing 
limitations and syntax constraints.: (professional) AND ( 
TITLE-ABS-KEY ( "automation bias" OR "over-reliance" 
OR "cognitive bias")) AND ( TITLE-ABS-KEY ("human-AI 
collaboration" OR "human-AI decision-making" OR "AI-
assisted" OR "explainable AI" OR "XAI")). The same for 
SCOPUS, where the query was simplified due to Boolean 
length limitations. Also, the year range (2015–2025) was 
embedded directly in the search query because SCOPUS 
does not support standalone date filters in its basic or 
advanced interface: ( professional) AND ( TITLE-ABS-
KEY ( "automation bias" OR "overreliance" OR "cognitive 
bias")) AND ( TITLE-ABS-KEY ( "human AI collabora-
tion" OR "human AI team" OR "human AI decision making" 
OR "AI assisted" OR "AI aided" OR "explainable AI" OR 
"XAI")) AND PUBYEAR > 2014 AND PUBYEAR < 2026.

In PubMed, we used a hybrid query combining 
MeSH terms and free-text fields to account for both 
indexed and emerging terminology. The final query 
was: ("automation bias"[tiab] OR "over-reliance"[tiab]) 
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AND ("artificial intelligence"[MeSH Terms] OR "arti-
ficial intelligence"[tiab] OR "AI"[tiab]) AND ("decision 
making"[MeSH Terms] OR "decision making"[tiab]). The 
query was pilot-tested against five benchmark studies and 
yielded 31 results, of which 3 were included after full-
text screening; whereas Google Scholar yielded 17 results 
and SCOPUS one. Once the records were obtained, we 
exported them to Zotero to detect duplicates. The com-
plete search and screening process is illustrated in Fig. 1 
showing PRISMA flow diagram.

In addition to the structured database search, we 
employed supplementary search techniques to enhance 
the comprehensiveness of the review. Reference lists 
of included articles were manually screened to iden-
tify additional studies, performing a backward citation 
searching as recommended by PRISMA guidelines (Page 
et al. 2021; Rethlefsen et al. 2021). In accordance with 
PRISMA-S guidelines (Rethlefsen et al. 2021), we also 
included records identified through personal files. These 
were reported under ‘other sources’ and screened using 
the same eligibility criteria as records identified through 
structured database searches. Both these sources are 
reported under “Identification of studies via other meth-
ods” in the PRISMA flow diagram.

2.2 � Screening and selection

To fulfill the initial screening, titles and abstracts were 
screened to identify studies relevant to the research question. 
Articles passing the initial screening were reviewed in full 
text to confirm their relevance based on the eligibility cri-
teria. Finally, 35 studies were included in review (Table 4).

3 � Results

The 35 selected studies were published in 21 different jour-
nals spanning multiple disciplines such as cognitive psy-
chology, human factors engineering, human–computer inter-
action, and healthcare. The most relevant journals for our 
review were Scientific Reports (n = 2), Cognitive Research: 
Principles and Implications (n = 2), Human Factors (n = 2), 
Artificial Intelligence in Medicine (n = 2), International 
Journal of Human–Computer Studies (n = 2), and the ACM 
journals (n = 5). All the studies were published between 
2015 and 2025, with 2023 and 2024 being the most prolific 
years (n = 10; 28.5% each).

In total, the reviewed studies included 19,774 par-
ticipants. Owing to our inclusion criteria, all the stud-
ies employed quantitative methods. The studies primarily 

Fig. 1   PRISMA chart. (Legend: *studies that examine other biases 
in human–AI interaction, without addressing the potential priming 
effects of AI; ** studies that don’t offer a sufficient exploration of the 

underlying cognitive drivers of automation bias, nor do they examine 
it through behavioral observation)
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focused on decision-making tasks involving AI-assisted 
recommendations. Although displaying heterogeneity in 
their study-design and measured variables, they consistently 
employed experimental methodologies focusing on objective 
performance as the primary dependent variable (e.g., diag-
nostic accuracy or decision quality, depending on the task 
domain). Consistent with prior reviews, healthcare emerged 
as the most frequently studied domain (n = 11; 31.4%). Other 
investigated domains included finance (n = 3), national secu-
rity (n = 5), public administration (n = 3), human resources 
(n = 2), and mental healthcare (n = 2). Across these contexts, 
agreement with incorrect AI recommendations was the most 
used operational measure of AB (e.g., Buçinca et al. 2021). 
AB has also been measured as how often users completely 
change their answers to match AI recommendations (e.g., 
Horowitz and Kahn 2024) or as Weight of advice (WOA), 
which assesses the importance users give to AI recommen-
dations (e.g., Küper et al. 2025).

In addressing AB, the study by Bond et al. (2018) inves-
tigated the impact of automated diagnoses (ADs) on ECG 
interpretation among 30 physicians (15 cardiology fellows, 
15 non-fellows). Physicians interpreted ECGs under three 
conditions: without AD, with a single AD (50% incor-
rect), and with multiple ADs. Incorrect ADs significantly 
reduced accuracy (fellows: 84.86–41.66%; non-fellows: 
86.38–27.43%), with non-fellows more susceptible to AB. 
In addition, confidence ratings predicted accuracy in fel-
lows, although both groups reported reduced confidence 
when incorrect ADs were presented.

Gaube et al. (2021) assessed how the source of diagnostic 
advice (AI vs. human) influenced perception of advice qual-
ity and diagnostic accuracy among radiologists (high-exper-
tise group) and other physicians (lower expertise group). The 
results revealed that, although radiologists rated AI advice 
lower in quality, exhibiting algorithmic aversion, they relied 
on it anyway. Specifically, researchers reported a general 
tendency of both groups to follow confirmatory heuristics 
(to human and algorithmic advice) as anchoring effect and 
confirmation bias, but especially among lower experts. 
Moreover, AI advice, showing no uncertainty compared to 
humans, is supposed to make less experts more susceptible 
to over-trust.

Contrasting with the view of experts as more averse 
to algorithmic output, the study by Keding and Meissner 
(2021) examined AI-augmented decision-making among 
150 senior executives making R&D investment decisions. 
AI advice enhanced users’ confidence and decision quality, 
but also increased overestimation of AI’s reliability, leading 
to overreliance due to its perceived objectivity.

Next, involving 27 radiologists with varying experience 
levels, Dratsch et al. (2023) examined AI-generated BI-
RADS scores for mammogram interpretation. The impact 
of incorrect AI predictions showed accuracy dropping 

significantly for all groups (unexperienced: 79.7–19.8%, 
moderately experienced: 81.3–24.8%, highly experienced: 
82.3–45.5%). In addition, less experienced radiologists 
exhibited more commission errors (i.e., accepting incorrect 
higher-risk categories), whereas errors of omission were 
similar across all groups. In the same vein, Matzen et al. 
(2024) found that users had more difficulty detecting errors 
where AI missed a target rather than false alarms. These 
findings suggest that AI could support novices perform at 
levels closer to experienced ones but poses deskilling risks 
(Dratsch et al. 2023).

Consistent with this, Kim et al. (2025) found that false-
positive AI suggestions affected radiologists’ diagnoses of 
cerebral aneurysms. However, the very experienced group 
still maintained the highest and most stable diagnostic per-
formance. Küper et al. (2025) further investigated reliance 
behaviors in dermatology and found that medical experience 
was linked to self-reliance, while the psychological trait of 
dispositional trust indirectly influenced overreliance on AI 
via its effect on situational trust.

Drawing on the distinction between dispositional, situ-
ational, and learned trust, Duan et al. (2024) found that 
overreliance tends to occur uniquely with AI, in contrast 
to human teammates. In the process of trust development, 
users may inappropriately transfer learned trust from one 
AI interaction to future systems or contexts. This contrasts 
with interpersonal trust, where individuals typically do not 
generalize one person’s reliability to another.

Sato et al. (2020) further explored reliance on imperfect 
automated signaling systems with 70% reliability in high-
risk environments. Their participants in the high-risk group 
showed higher trust levels, particularly under high load, 
regardless of the actual system reliability. Although task 
load was high, operators still allocated attention effectively 
to monitor the system, but this did not result in reduced trust 
in high-risk condition.

Kücking et al. (2024) analyzed wound assessment in 210 
professionals (63.3% nurses, 36.7% physicians) using AI-
enabled Clinical Decision Support Systems. Their findings 
identified several protective factors against AB: diagnostic 
expertise, wound care training, and female gender. In con-
trast, a higher perceived benefit of AI was associated with 
increased susceptibility to AB, while age was not a signifi-
cant factor. In line with these results, Dikmen and Burns 
(2022) found that providing domain-specific knowledge 
helped non-expert users to critically evaluate AI outputs, 
relying less on incorrect AI predictions.

Then, Klingbeil et al. (2024) employed a trust game mim-
icking economics study. Participants were assigned roles as 
proposers (Player A) or responders (Player B) in financial 
cooperation tasks. Players A had to decide whether to coop-
erate with Players B based on their decision history, receiv-
ing advice labeled as either AI or human expert generated. 
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Results showed that participants exhibited greater reliance 
on AI even when it contradicted available contextual infor-
mation. Additionally, situational trust positively correlated 
with advice conformity, more than dispositional trust.

In contrast to all these findings, Alon-Barkat and Busuioc 
(2023) found selective adherence to AI suggestions, rather 
than AB, in employment decisions. In this study, partici-
pants were more likely to follow advice aligned with their 
pre-existing stereotypes (e.g., against ethnic minority indi-
cators like a Moroccan-sounding name): they were more 
inclined to terminate contracts of Moroccan-sounding teach-
ers when scores were low, despite similar scores for Dutch 
teachers. In like manner, the studies by Selten et al. (2023) 
and Bashkirova and Krpan (2024) found no evidence for AB, 
emphasizing confirmation bias as a more dominant cognitive 
mechanism in AI-assisted decision-making.

Thus far, studies have depicted experts as either more 
resistant to AI influence or still susceptible to AB. The fol-
lowing studies explore the factors that drive these differing 
behaviors within expert groups. Additionally, they examine 
the potential role of explainability in mitigating AB.

On this point, Rezazade Mehrizi et al. (2023) investigated 
how AI explainability tools (like heatmaps) and attitudinal 
priming (positive or negative information about AI) influ-
ence radiologists’ diagnostic decisions when interpreting 
mammograms. The study revealed that heatmaps improved 
accuracy only when AI suggestions were correct but tended 
to promote over-diagnosis when AI suggestions were wrong; 
likely because radiologists used the heatmaps as visual heu-
ristics, focusing on highlighted areas while neglecting oth-
ers. Overall, there was no significant difference across all 
groups to both conditions.

Nourani et al. (2022) further examined how anchoring 
effect influences users’ mental models when interacting with 
intelligent systems. Anchoring bias, in this context, refers 
to the impact of first impressions, particularly, the order in 
which users encounter the system’s strengths and weak-
nesses. Encountering system strengths first led to increased 
reliance and more errors, while encountering weaknesses 
first reduced errors but caused underestimation of system 
capabilities. The study also showed significant differences in 
impression formation based on participants’ domain exper-
tise: novices exhibited greater AB, while experts recalibrated 
trust over time depending on what impression had first. In 
fact, experts’ trust is more sensitive to the order in which 
the wrong advice is presented. Researchers also explored 
the role of explanations in addressing this bias and found 
that explanations improved user’s self-confidence but did 
not mitigate AB caused by first impressions.

Vered et al. (2023) and Cecil et al. (2024) also challenged 
the prevailing belief that explainability improves decision-
making. However, they attribute overreliance on incorrect 
advice to different factors. Vered et al. (2023) argued that AI 

explanations reinforced unwarranted trust, while Cecil et al. 
(2024) showed that complex explanations increased cogni-
tive load, hindering effective processing. As additional EEG 
evidence supported, increased workload induced by decision 
difficulty contributed to overreliance by adding cognitive 
strain (Zhang et al. 2024).

Attempts to address this issue through multiple types of 
explanation have proven ineffective, as offering varied expla-
nation formats did not significantly improve users’ ability to 
detect incorrect AI recommendations (Naiseh et al. 2023). 
Among these, simplistic explanations (with limited informa-
tion) exacerbated this vulnerability the most (Jacobs et al. 
2021). Offering trust calibration feedback did not help either 
(Tatasciore and Loft 2025).

Then, Buçinca et al. (2021) adopted cognitive forcing 
functions (CFFs) as a debiasing tool. Researchers tested 
six conditions: three CFF-based (on-demand, update, wait), 
two simple explainable AI (SXAI) approaches (explana-
tions, uncertainty), and a no-AI baseline. Results showed 
that when AI predictions were correct, CFFs and SXAI per-
formed similarly. Differently, CFFs significantly reduced 
overreliance on AI compared to SXAI approaches when the 
AI’s recommendations were incorrect. Also, participants 
trusted and preferred SXAI systems over CFF-based systems 
as CFFs were perceived as more cognitively demanding; in 
fact, subjective trust ratings (preference/acceptability) nega-
tively correlated with objective performance. This highlights 
a disconnect between perceived and actual benefit of relying 
on AI, as also reported by Jacobs et al. (2021) and Cao et al. 
(2023).

The update CFF condition involved participants mak-
ing an initial decision without access to AI assistance, fol-
lowed by the presentation of the AI’s suggestion, which they 
could then use to revise their decision. The manipulation of 
this condition was further examined in subsequent studies. 
Specifically, Cabitza et al. (2023) examined human–AI col-
laboration in medical diagnostics, comparing AI-first and 
human-first decision protocols. AI-first protocols, in which 
the AI provided recommendations before the human reader 
made their own evaluation, improved diagnostic accuracy, 
but also increased the priming effect of AI advice when it 
was incorrect. Human-first protocols, where humans made 
initial assessments before receiving AI output, led to either 
conservatism bias (self-reliance on their initial judgment) 
or automation complacency (excessive future trust in AI) 
depending on whether the AI recommendations confirmed or 
conflicted with their initial evaluations. Both these responses 
were considered as forms of anchoring effect. Additionally, 
explanations increased AI trust but did not improve diag-
nostic accuracy. Likewise, Agudo et al. (2024) observed that 
participants who received AI suggestions before forming 
their own judgments were significantly more likely to align 
with incorrect AI assessments.
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Cao et al. (2023) further investigated human reliance 
on AI in human-first settings under time pressure, manipu-
lated via limited initial observation time (before seeing AI 
input) and final decision time (after viewing AI suggestions). 
They found that shorter decision time significantly increased 
the anchoring effect of AI, while longer observation time 
encouraged users to trust their own judgment. However, 
these effects varied by task: in more logically involving 
tasks, like spatial reasoning, users showed greater resistance 
to AI suggestions even under time constraints. Consistent 
with this, Rastogi et al. (2022) demonstrated that time is a 
useful resource for de-anchoring.

Thereafter, investigating the use of AI dashboards in HR 
selection, Kupfer et al. (2023) found that higher verifica-
tion intensity (i.e., thorough review of AI recommendations) 
improved decision accuracy. Secondly, being informed on 
the potential AI errors increased verification efforts, but 
emphasizing responsibility did not significantly affect verifi-
cation intensity. Lastly, highly aggregated data visualizations 
on the dashboards reduced verification behaviors although 
not impairing decision quality.

Finally, Horowitz and Kahn (2024) examined trust and 
reliance on AI across users’ different levels of AI liter-
acy. Individuals with minimal AI background knowledge 
are more prone to aversion, while those with moderate 
knowledge are most likely to over-rely on AI, exhibiting 
the Dunning–Kruger effect. This bias makes individuals 
with average AI background knowledge overestimate their 
understanding of it, leading to overreliance on automation. 
Instead, participants with extensive AI knowledge demon-
strated the most balanced reliance.

4 � Discussion

4.1 � Unraveling the influencing factors

In this section, we analyze the findings from the included 
studies, comparing them with the factors identified in previ-
ous reviews by Goddard et al. (2012) and Lyell and Coiera 
(2017). Goddard et al. (2012) highlighted user’s experience 
and confidence as protective factors against AB, while pre-
disposition to trust emerged as the most influential driver. 
Additionally, they identified environmental mediators such 
as workload, task complexity, and time constraints. Lyell 
and Coiera (2017) further emphasized that task complexity 
and verification demands contribute to cognitive overload, 
increasing susceptibility to AB.

4.1.1 � Confidence

Jacobs et al. (2021) identified no significant change in con-
fidence across conditions involving correct or incorrect 

AI recommendations, suggesting that confidence may not 
protect against AB. Similarly, Bond et al.’s (2018) findings 
diverge from the conclusions drawn by Goddard et al.’s 
(2012) review. Specifically, even though experts can still be 
affected by AB, they suggest that only among expert clini-
cians confidence and experience are predictors of accuracy 
and can reduce overreliance. Less experienced clinicians, 
despite their confidence, still demonstrated greater vulner-
ability to AB (Bond et al. 2018), showing that confidence 
alone is not a sufficient protective factor. Additionally, 
Gaube et al. (2021) established a link between confidence 
and perceived AI suggestion quality. Physicians’ confidence 
decreased when the advice was inaccurate; in fact, although 
experienced radiologists tended to show more algorithmic 
aversion, surprisingly, their expressed aversion did not affect 
their reliance on the AI-generated advice (Gaube et  al. 
2021). This does not imply that confidence itself is predic-
tive of accuracy. Instead, it just suggests that when physi-
cians perceive the advice as high quality (i.e., correct), they 
are more confident in their diagnostic decisions. Meanwhile, 
Dratsch et al. (2023) further illustrated that confidence and 
experience reduced only errors of commission. Specifically, 
AB affected all the groups of radiologists, regardless of their 
experience, but inexperienced radiologists were more prone 
to errors of commission, whereas errors of omission were 
similar across all groups.

By contrast, Cabitza et al.’s (2024) and Küper et al.’s 
(2025) data continued to support a positive correlation 
between confidence and accuracy. However, it is also pos-
sible that confidence is influenced by the clinician’s level 
of experience (Glick et al. 2022), which has been shown to 
be more predictive of diagnostic accuracy. In fact, across 
the studies, there’s a broad consensus -most explicitly out-
lined in the study by Kücking et al. (2024)—that profes-
sional experience remains the most critical protective factor 
against AB. In diagnosing wound healing complications 
using Clinical Decision Support Systems, participants with 
better initial diagnostic performance and those with specific 
training in wound care were less likely to agree with false AI 
recommendations. This means that although non-specialists 
benefit from AI assistance, domain-specific education and 
expertise are still needed to use these tools properly (Kück-
ing et al. 2024).

4.1.2 � Trust as state, trait, and learned belief

Trust in technology can be conceptualized either as a state or 
a trait, each carrying distinct psychological and behavioral 
implications. Trust as a state is a situational and dynamic 
response based on contextual factors, such as the perceived 
reliability or transparency of a technological system. In con-
trast, trust as a trait, or propensity to trust, reflects a psycho-
logical predisposition to trust others, including machines 
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(Küper et al. 2025). A third dimension is learned trust, which 
develops over time through repeated interactions, as users 
integrate past experiences in future expectations and behav-
ior (Duan et al. 2024).

Within this process of trust development, two key aspects 
shape trust: cognition-based trust, grounded in users’ per-
ceived understandability and technical competence of AI, 
and affect-based trust, based on emotional reactions to the 
system’s behavior (Naiseh et al. 2023; Duan et al. 2024). A 
further influence is the role of cognitive biases, which can 
distort perceptions of reliability (Naiseh et al. 2023),

Across the studies, trust consistently emerged as a central 
determinant of overreliance: Küper et al. (2025) reported 
that trust accounted for up to 24.1% of the variance of reli-
ant behavior, whether appropriate or not. Similarly, Horow-
itz and Kahn (2024) described trust as functioning like a 
threshold: when initial trust in AI is low, users are reluctant 
to rely on it, regardless of its demonstrated reliability. Once 
trust is established, reliability cues, such as extensive train-
ing, become a dominant factor in the willingness to rely 
on technology (Horowitz and Kahn 2024). In addition to 
perceived reliability, Buçinca et al. (2021) also found that 
people preferred AI systems that were less cognitively 
demanding, even if those systems did not improve deci-
sion quality. These findings align with existing literature on 
trust in automation, which emphasizes the roles of system 
complexity, user familiarity, and perceived reliability (see 
Wickens et al. 2021).

Another noteworthy finding comes from Klingbeil et al. 
(2024), who challenged the earlier claims by Goddard et al. 
(2012) regarding the primacy of dispositional trust. Instead, 
they emphasized the role of situational trust, shaped by the 
specific context and task. Situational trust positively cor-
related with reliance on AI or human advice, but propensity 
to trust correlated negatively, suggesting that while trust 
influences decision-making, a higher tendency to trust could 
lead to more cautious behavior (Klingbeil et al. 2024). By 
contrast, Küper et al. (2025) still argue that dispositional 
trust is a meaningful antecedent of initial trust, but they also 
highlight that situational trust acts as a mediating factor, 
particularly in predicting overreliance.

Expanding on this distinction between dispositional, 
situational, and learned trust, Duan et al. (2024) outlined a 
developmental trajectory of trust in AI. Initial trust is shaped 
by expectations of AI, then it gets fostered or hindered dur-
ing tasks based on situational factors, such as communica-
tion effectiveness and acknowledgment of errors. Over time, 
it eventually gets consolidated through experience as learned 
trust. However, this process may lead to miscalibrated trust 
in AI specifically: unlike interpersonal trust, which is rarely 
generalized across individuals, users tend to transfer learned 
trust from one AI system to another, making overreliance 
more likely.

On the whole, trust can both enhance or impair decision 
accuracy, especially among inexperienced users, by ena-
bling beneficial or detrimental overreliance (Cabitza et al. 
2023). Its impact often depends on the correctness of AI 
advice, making the outcome of trust, whether appropriate 
or inappropriate, difficult to predict (Naiseh et al. 2023). 
Yet, trust alone does not fully account for AB, as some sam-
ples tended to over-rely (e.g., Klingbeil et al. 2024), while 
others under-rely (e.g., Küper et al. 2025 ), underscoring the 
need to consider its interaction with other factors, explored 
in the sections that follow.

4.1.3 � Interplay with other biases

Nourani et al. (2022) associated AB with the anchoring 
effect, wherein users overly depend on initial information. 
Similarly, Gaube et al. (2021) highlighted the role of this 
confirmatory bias,observing that AI recommendations 
prime users to seek corroborative evidence, a behavior also 
observed within traditional decision-making contexts. Inter-
estingly, such confirmatory bias can also contribute to con-
servativism in human-first protocols, as noted by Cabitza 
et al. (2023).

To explain, respectively, overreliance and aversion, Kling-
beil et al. (2024) proposed the MABA–HABA framework 
(“Machines Are Better At vs. Humans Are Better At”), sug-
gesting that reliance is based on perceptions of which agent 
(AI or human) is better suited for the task. While machines 
are trusted for mechanical tasks and objective calculations, 
humans are preferred for social, emotional, or ethical judg-
ments. However, this framework does not fully account for 
reliance on AI in financial decision-making, which involves 
both dimensions (Klingbeil et al. 2024). Also, it could not 
account for the occurrence of opposite behaviors for the 
same domain task that Cabitza et al. (2023) portrayed.

An alternative explanation is that other heuristics come 
into play. Negative experiences, such as conflicting results, 
can erode user trust in AI, as explained by the negativity 
bias and the illusion of validity. Experts, in particular, are 
more likely to reject AI recommendations due to reliance 
on their established heuristics and the added pressure of 
high-stakes settings. These environments often lead them to 
develop cognitive routes that enable them to make quick and 
accurate decisions. While their intuition is more refined than 
non-experts’ one, it also makes experts more susceptible 
to belief perseverance and algorithmic aversion (Bertrand 
et al. 2022).

In this regard, Nourani et al. (2022) highlight how order-
ing bias impacts knowledgeable users: experts display 
higher sensitivity to the order of error. Positive initial expe-
riences tend to foster trust and tolerance for future errors, 
whereas negative first impressions may cause lasting dis-
trust (Nourani et al. 2022). This phenomenon may explain 
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discrepancies in behavior among individuals with similar 
levels of expertise, suggesting that personal experiences 
shape trust dynamics.

In addition to that, other results suggest that a further layer 
of knowledge beyond domain expertise may be involved. 
The study by Horowitz and Kahn (2024) revealed the non-
linear relationship between AI background knowledge, trust, 
and AB. They illustrated this dynamic through a function 
representing the rate at which participants switched their 
decisions after receiving AI recommendations. Individuals 
with minimal AI background knowledge were more prone to 
aversion. Those with moderate levels of background knowl-
edge were relatively over-reliant on AI, while participants 
with the highest levels of background demonstrated appro-
priate reliance. This pattern suggests that individuals with a 
moderate AI background are affected by the Dunning–Kru-
ger effect, a cognitive bias in which those with superficial 
knowledge become overconfident in that knowledge.

Drawing on all these findings, we hypothesize that aver-
sion and over-reliance are shaped by the intersection of 
two types of knowledge: domain expertise and AI-specific 
background knowledge, each bringing its own heuristics and 
biases into the decision-making process.

4.1.4 � Transparency and human mental model of AI

Human–AI collaboration models emphasize the importance 
of users’ mental models of AI in decision-making processes 
(Bao et al. 2023; Steyvers and Kumar 2024). One proposed 
strategy to mitigate AB is through transparency, particu-
larly by providing uncertainty estimates, which may help 
users recognize the limitations of AI systems (Bond et al. 
2018; Gaube et al. 2021; Dratsch et al. 2023). Uncertainty 
estimates are intended to help users identify when the AI 
might be wrong, aiming at misattributed trust. However, as 
we mentioned, some biases are exacerbated by explanations, 
leading to over-reliance, under-reliance, or misapplication 
of the explanation. Over-reliance occurs when users overly 
trust AI after being provided with any explanation (mere 
exposure effect). Also, longer explanations seem more plau-
sible (completeness bias), while visual explanations may 
amplify misplaced trust due to confirmation bias (Bertrand 
et al. 2022).

Notably, Nourani et al. (2022) highlight how the anchor-
ing effect of first impressions influences the formation 
of mental models, but explanations failed to mitigate the 
anchoring in both positive-first and negative-first impres-
sion scenarios. In an effort to reduce over-reliance, Buçinca 
et al. (2021) adopted CFFs, a metacognitive debiasing tech-
nique aimed at promoting analytical thinking. Their findings 
showed that CFFs significantly reduced reliance on incorrect 
AI recommendations compared to simple XAI approaches. 
Nonetheless, users still preferred simpler XAI systems, 

viewing CFFs as more cognitively demanding. Although 
coming at the cost of user preference, this suggests that 
increased mental demand can foster critical engagement. 
Indeed, explanation-only approaches influence overreli-
ance through either attitude-related or heuristic pathways. 
Closely, Vered et al. (2023) argued that explanations pro-
vided by XAI systems can reinforce unwarranted trust, as 
users may interpret these explanations as endorsements of 
the AI’s trustworthiness rather than tools for critical evalu-
ation. On the heuristic side, Cecil et al. (2024) found that 
complex explanations increase cognitive load, making it 
harder for users to process information effectively. Similarly, 
Jacobs et al. (2021) argued that overly simple explanations, 
limited in informational content, are also particularly mis-
leading when the AI is incorrect, compared to more detailed 
explanation types.

Conversely, Vasconcelos et al. (2023) offer a different 
view, suggesting that explanations can reduce overreliance, 
but only under specific conditions. Drawing on a cost–ben-
efit framework, they argue that users assign higher utility to 
easier explanations in harder tasks. This creates an apparent 
contradiction: while Buçinca et al. (2021) suggest that com-
plexity fosters critical engagement, Vasconcelos et al. (2023) 
argue that simplicity enhances explanations effectiveness. 
Rather than a direct conflict, these findings reflect a broader 
Simplicity vs. Detail tension in XAI design, a theme we will 
explore further in Sect. 5.1.

Lastly, Kupfer et al. (2023) found that when decision-
makers were made aware of potential system errors, 
they exhibited greater verification intensity. However, as 
Rezazade Mehrizi et al. (2023) caution, such interventions 
may be ineffective if users lack familiarity with AI tools, 
underscoring the need for both awareness and experience to 
ensure optimal decision support.

4.1.5 � Personality traits and individual differences

Kupfer et al. (2023) observed high standard deviations for 
verification intensity indicators within experimental groups: 
participants lower-scored on verification intensity indicators 
displayed higher AB. Hence, they suggested to start research 
in individual differences. In this regard, Buçinca et al. (2021) 
revealed the impact of individual differences in cognitive 
motivation (Need For Cognition, NFC), which expresses 
how an individual enjoys engaging in cognitively demand-
ing activities. High-NFC participants benefited more from 
CFFs, showing greater improvements in decision-making. 
Moreover, Nourani et al. (2022) showed how different lev-
els of user’s domain expertise cause them to form different 
understandings of explanations, as well as user’s past experi-
ences, their conceptions about how AI works, and the view 
of AI held by their social context.



	 AI & SOCIETY

4.1.6 � Task characteristics: complexity and risk

Occurrences of overreliance may also be understood as 
strategies to reduce cognitive load, rather than as mere 
manifestations of misplaced trust (Alami et al. 2025). Both 
cognitive load and task complexity have been confirmed to 
influence susceptibility to AB (Cecil et al. 2024; Zhang et al. 
2024). These findings support the significance of verification 
complexity, as previously highlighted by Lyell and Coiera 
(2017). As shown by Kupfer et al. (2023), higher verification 
intensity helps counteract errors.

Notably, engaging in explanations may be conceived 
as part of the task; in fact, within the scope of verification 
intensity, the format of data visualization in AI dashboards 
influenced user behavior. Highly aggregated visualizations 
(e.g., a single AI-generated matching score) did not sig-
nificantly affect decision quality compared to less aggre-
gated formats (e.g., separate scores for education, skills, 
and personality). However, the highly aggregated formats 
were found to reduce verification intensity, as users spent 
less time interacting with the initial levels of the dash-
board. This may have promoted more heuristic-based deci-
sions, potentially increasing the risk of AB. These find-
ings suggest that explanations themselves can be used as 
a heuristic (Rezazade Mehrizi et al. 2023), resulting less 

effective for high workload contexts as people can’t eas-
ily detect AI mistakes (Zhang et al. 2024). In any case, 
increased verification effort tends to correlate with better 
decision outcomes; however, the conditions that facilitate 
such engagement must also be considered. In cognitively 
demanding tasks, additional informational detail can over-
whelm users, potentially hindering rather than enhancing 
decision quality. This issue will be discussed in greater 
depth in Sect. 5.2.

Risk has also been examined (Sato et al. 2020) but, 
based on our analysis, it does not qualify as a significant 
environmental factor affecting AB. Lay users (e.g., con-
sumers) have likewise shown a tendency to over-rely on 
algorithms even for low-stakes tasks, such as personal 
preference decisions (Banker and Khetani 2019), as 
evidenced by the extensive literature on recommender 
systems (see Adomavicius et  al. 2013). Additionally, 
accountability, which has been proposed as an interven-
tion to mitigate AB (Goddard et al. 2012), lacks empirical 
support. Kupfer et al. (2023) found no significant effect 
of responsibility measures in reducing AB. This finding 
aligns with Lyell and Coiera’s (2017) consideration that 
accountability alone is an ineffective intervention. Instead, 
efforts should focus on addressing the cognitive load gen-
erated by the verification process itself (Fig. 2).

Fig. 2   Visual model illustrating the interaction of various features within human–AI collaboration contexts
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4.2 � Answering our RQs

4.2.1 � RQ1: What are the causal or mediator factors 
of automation bias?

Across studies, trust and task complexity are confirmed as 
predominant factors in AB. Initial trust in AI, coupled with 
perception of systems reliability, significantly influences 
reliance on automation (Buçinca et al. 2021; Duan et al. 
2024; Horowitz and Kahn 2024). Several factors shape this 
perceived reliability, including perceived benefit (Kücking 
et al. 2024), usefulness (Jacobs et al. 2021; Cao et al. 2023), 
competence (Naiseh et al. 2023), transparency (Vered et al. 
2023), absence of uncertainty (Gaube et al. 2021), and the 
apparent objectivity of AI recommendations (Keding & 
Meissner 2021). Overreliance is further reinforced by high 
workload (Vered et al. 2023; Zhang et al. 2024; Alami et al. 
2025), time pressure (Cao et al. 2023), and task complexity 
(Bond et al. 2018; Kupfer et al. 2023; Cecil et al. 2024). 
Collectively, these elements contribute to situational trust, 
which correlates with advice conformity (Klingbeil et al. 
2024, Küper et al. 2025).

Another mediator factor is the sequence in which advice 
is given. Positive first impressions can foster excessive trust 
in automation (Nourani et al. 2022; Vered et al. 2023). The 
timing of explanations also matters: AI-first protocols may 
increase user compliance with AI recommendations (Cabitza 
et al. 2023; Agudo et al. 2024). Alternatively, human-first 
protocols can lead to automation complacency when the AI 
suggestions align with the human’s initial evaluation (Cab-
itza et al. 2023).

At the same time, several moderator factors have been 
identified that mitigate the likelihood of AB: professional 
experience (Rezazade Mehrizi et al. 2023; Kücking et al. 
2024; Kim et al. 2025) and domain expertise (Nourani et al. 
2022; Dikmen and Burns 2022) are the most protective. 
Furthermore, advanced AI background knowledge exhibits 
more calibrated trust (Horowitz and Kahn 2024). Finally, 
verification-related cognitive engagement serves as a critical 
debiasing mechanism (Kupfer et al. 2023).

4.2.2 � RQ2: Does automation bias co‑occur with other 
cognitive biases?

AB frequently interacts with other cognitive biases, particu-
larly the anchoring effect, where initial AI recommenda-
tions disproportionately shape subsequent decisions. This 
bias leads decision-makers to seek evidence that confirms 
the AI initial suggestion (Gaube et al. 2021; Nourani et al. 
2022), especially when incorrect AI guidance is provided 
before they form their own judgment (Agudo et al. 2024). 
Otherwise, it can also foster automation complacency when Ta
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the AI’s recommendation, provided as a second opinion, 
aligns with users’ initial judgment (Cabitza et al. 2023).

AB has also been linked to the Dunning–Kruger effect, 
where individuals with limited AI knowledge overestimate 
their understanding of it, which makes them more prone 
to overreliance on automation (Horowitz and Kahn 2024).

4.2.3 � RQ3: Can explainability or transparency mitigate 
automation bias?

Transparency mechanisms, such as uncertainty estimates, 
have been proposed to counteract overreliance by highlight-
ing system limitations (Bond et al. 2018; Gaube et al. 2021; 
Dratsch et al. 2023). However, current methods implemented 
through XAI have often shown that explanations themselves 
can be used as heuristics (Rezazade Mehrizi et al. 2023) and 
reinforce trust in AI systems, exacerbating AB when the 
advice provided is incorrect (Cabitza et al. 2023; Vered et al. 
2023; Cecil et al. 2024). Multiple explanation types (Naiseh 
et al. 2023) and trust calibration feedback (Tatasciore and 
Loft 2025) are proven not to help users recognize incorrect 
AI recommendations as well.

4.2.4 � RQ4: Is AI literacy or an improved mental model 
necessary to reduce automation bias?

Developing a better understanding of AI capabilities and 
limitations has been shown to foster better decision-making 
and reduce AB (Kupfer et al. 2023). Higher levels of AI lit-
eracy enable appropriate reliance on automation (Horowitz 
and Kahn 2024).

4.2.5 � RQ5: Are individual differences observed 
in the manifestation of automation bias?

Individual differences significantly influence the manifes-
tation of AB. Professional experience and domain exper-
tise play a crucial role, with experts generally less prone to 
AB, although they can still be affected under conditions of 
high cognitive load (Bond et al. 2018; Nourani et al. 2022; 
Dratsch et al. 2023). Personality traits, particularly need 
for cognition, have been shown to enhance critical engage-
ment and reduce susceptibility to AB (Buçinca et al. 2021). 
Additionally, familiarity with AI, conceptions about how it 
works, and prior exposure to it are key factors influencing 
how individuals interact with and rely on AI systems (Nou-
rani et al. 2022; Horowitz and Kahn 2024).

Demographic factors, such as gender, have also been 
found to influence AB, with female participants exhibiting 
lower susceptibility, whereas age appears to have a neutral 
effect (Kücking et al. 2024).

4.3 � Automation bias and missing evidence

Our research has also led to a subset of studies (Alon-Barkat 
and Busuioc 2023; Selten et al. 2023; Bashkirova and Krpan 
2024) that challenge the prevailing belief of AB as a dis-
tinct phenomenon in human–AI interaction. They suggest 
that expert participants are more likely to accept AI rec-
ommendations that align with their prior judgments while 
remaining skeptical of those that do not. In summary, these 
studies argue that confirmation bias primarily drives experts’ 
acceptance or reluctance of AI recommendations.

In response to these findings, it is worth noting that also 
Cabitza et al. (2023) observed that in human-first protocols 
either conservatism or automation complacency (both due 
to confirmatory heuristics) can occur, depending on whether 
AI recommendations align with users’ initial assessments. 
Furthermore, the three studies in question fail to account for 
cases where participants rely on incorrect AI recommenda-
tions despite their expressed reluctance, as highlighted by 
Gaube et al. (2021). Additionally, these results might be bet-
ter understood in the context of the developmental trust cali-
bration trajectory proposed by Horowitz and Kahn (2024) 
and Duan et al. (2024). For instance, Bashkirova and Krpan 
(2024) themselves acknowledge that mental health practi-
tioners, characteristically, tend to exhibit a greater aversion 
to adopting AI technologies in their profession.

5 � Implications for AI systems design

While XAI and transparency mechanisms are widely pro-
posed as solutions to improve human–AI interaction, the 
empirical findings thus far presented suggest that current 
approaches may unintentionally amplify AB by fostering 
misplaced trust. Key challenges lie in AI literacy, whose 
lack can limit user’s ability to effectively collaborate with 
systems (Long and Magerko 2020), and explanation design 
itself. Merely making AI explainable or transparent is not 
enough: explanations must actually help users recognize 
uncertainty or errors (Zhang et al. 2020).

Building on the findings from the reviewed studies, this 
section explores practical implications for a user interface 
design that supports human professionals in human–AI col-
laboration. These proposals seek to solve the three main 
challenges in hybrid decision-making (cf. 1.1.1; Steyvers 
and Kumar 2024).

5.1 � Balancing simplicity and detail in explanations

Explanations appear to have limited impact on overreliance 
when either the task is difficult and the explanation is com-
plex, or when the task is easy and the explanation is simple 
(Vasconcelos et al. 2023). For high-stakes contexts, Kupfer 



	 AI & SOCIETY

et al. (2023) highlight the need for explanations that strike a 
balance between parsimony and detail. Oversimplification 
may reinforce AB by masking uncertainty and complexity, 
while overly complex explanations increase cognitive load, 
reducing users’ ability to evaluate AI outputs effectively.

In this regard, Vered et al. (2023) examined the effects of 
two types of explanations, local vs. global, on AI-assisted 
decision-making. Local explanations clarify why an AI 
model made a specific recommendation, whereas global 
explanations provide a broader understanding of the inner 
workings of a system. Their findings suggest that an effective 
XAI paradigm must balance acceptability (building trust) 
with skepticism (encouraging critical evaluation). Notably, 
participants exhibited stronger AB when exposed to local 
explanations following positive first impressions. How-
ever, local explanations also improved focus and attention, 
illustrating the nuanced and apparently contradictory role 
of explanation design. Extending this work, Naiseh et al. 
(2023) compared four explanation types: local, example-
based, counterfactual, and global. They found that coun-
terfactual and example-based explanations were especially 
effective in fostering cognition-based trust, which in turn led 
to greater engagement with the XAI interface. These find-
ings highlight the critical importance of understandability 
in explanation design. Supporting this, Cabitza et al. (2024) 
demonstrated that presenting physicians with example-based 
explanations (i.e., similar past cases, not algorithmic predic-
tions) helps stimulate reflection without replacing human 
judgment.

To further support effective engagement, Naiseh et al. 
(2023) argue that interface design should incorporate visual 
analytics, enabling interactive and interpretable explanations 
that make AI outputs more accessible and cognitively man-
ageable for users.

5.2 � Promoting verification engagement

Closely linked to the previous point is the need to balance 
the level of engagement required for effective verification 
with the cognitive load it imposes on users. As highlighted 
by Lyell and Coiera (2017), higher verification intensity is 
essential for mitigating AB, yet it simultaneously increases 
users’ cognitive demands.

Buçinca et al. (2021) found that systems employing CFFs 
were perceived as more mentally demanding, but neverthe-
less led to improved objective decision performance. This 
suggests that a certain level of cognitive effort, though 
potentially reducing user preference, can enhance critical 
engagement and reduce overreliance on AI. Additionally, 
providing truly informative explanations beyond recommen-
dations can reduce overreliance and promote more independ-
ent judgment (Gegoff et al. 2025; Küper et al. 2025). How-
ever, explanation complexity presents a clear trade-off: while 

more detailed explanations may promote deeper cognitive 
processing, excessive complexity can overwhelm users, 
leading to cognitive overload (Cecil et al. 2024; Zhang et al. 
2024; Alami et al. 2025).

These findings underscore the role of human cognitive 
motivation in mediating the effectiveness of XAI solutions. 
Therefore, beyond optimizing explanation attributes, such 
as soundness, completeness, faithfulness, sensitivity, and 
complexity, XAI research must also focus on designing sys-
tems that encourage users to actively engage with expla-
nations (Buçinca et al. 2021). To support this, additional 
incentives for accurate decision-making may help compen-
sate for low intrinsic motivation among users (Vasconcelos 
et al. 2023). Moreover, effective XAI design should also 
consider environmental variables, such as workload, time 
pressure, or competing priorities, and promote explanation 
use without significantly increasing cognitive burden (Ras-
togi et al. 2022, Cao et al. 2023, Alami et al. 2025). Optimal 
time allocation policies may help humans better de-anchor 
from the AI.

These considerations lead to the next discussion point.

5.3 � Adaptive and personalized explanation design

Buçinca et al. (2021) farther argue that XAI should not 
assume all users will actively engage with explanations 
by default. Instead, explanation design should be adaptive, 
catering to individual differences in cognitive engagement. 
Moreover, XAI systems should support less experienced 
users with high dispositional trust by helping them recognize 
potential AI errors, while encouraging experienced profes-
sionals to critically engage with system recommendations 
(Küper et al. 2025). To achieve this, personalized explana-
tions need to be tailored to user’s domain expertise, prior 
experience, and existing mental model of AI (Nourani et al. 
2022). A one-size-fits-all approach to explainability may fail 
to prevent AB (Naiseh et al. 2023), particularly for users 
with low AI literacy or domain-specific expertise.

5.4 � Guided training and mental model formation

To counteract AB, Nourani et al. (2022) propose guided 
training sessions that expose users to both AI strengths and 
limitations before deployment. These sessions aim to foster 
more accurate mental models by presenting users with exam-
ples of both correct and erroneous outputs. This approach 
aligns with broader findings emphasizing the importance of 
informing users about how first impressions shape AI trust 
(Kupfer et al. 2023; Vered et al. 2023).

However, for such interventions to be effective, users also 
require a certain level of familiarity with AI tools (Rezazade 
Mehrizi et al. 2023), highlighting the need for training that 
incorporates both awareness and hands-on experience. As 
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Naiseh et al. (2023) emphasize, users should be familiar-
ized with system explanations, e.g., through usage scenarios 
or tutorials, since understandability is a critical driver of 
user engagement. Additionally, it is recommended to inte-
grate multiple explanation types during task performance to 
calibrate trust dynamically (Nourani et al. 2022), as having 
alternatives supports human reasoning (Naiseh et al. 2023) 
and analogical thinking (Cabitza et al. 2024).

5.5 � Human‑centered AI: rethinking the oversight 
model and future directions

Existing regulations often rely on the broad notion of human 
oversight as a catch-all solution, overlooking how heuristics 
and AB may persist within it (Ruschemeier and Hondrich 
2024). In response, Agudo et al. (2024) propose a funda-
mental shift in AI-assisted decision-making frameworks. 
Rather than positioning humans as supervisors verifying 
AI decisions, they argue that a more effective strategy is 
to let humans make primary decisions while using AI as 
a second-opinion system, alerting users to potential errors 
rather than leading the decision-making process. This ergo-
nomic adjustment may reduce overreliance on AI, preserv-
ing human autonomy while still leveraging AI’s analytical 
power.

This human-first protocol, also explored by Cabitza et al. 
(2023) and Cao et al. (2023), corresponds to one of the three 
CFFs strategies tested by Buçinca et al. (2021), which, as 
previously discussed, show demonstrable debiasing effects. 
Building on this direction, Cabitza et al. (2024) introduce 
the concept of Frictional AI, which involves the use of “cog-
nitively non-invasive” tools that encourage oversight, cau-
tion, and responsible commitment in decision-making. A 
key design innovation in this space is the pro-hoc approach, 
which contrasts with conventional “post-hoc” explainability. 
In post hoc systems, the AI first offers a prediction or clas-
sification and then explains its rationale. In contrast, pro-hoc 
systems withhold interpreting the case and instead present 
analogous prior cases, both supportive and contradictory, 
in relation to the user’s initial assessment. This encourages 
analogical reasoning and reflective evaluation without dis-
placing human agency.

In conclusion, as increased verification effort has been 
shown to reduce complacency toward AI misrecommenda-
tions, future XAI research should explore mechanisms for 
real-time trust calibration, develop explainability strategies 
tailored to diverse cognitive profiles (including variations 
in domain expertise, cognitive motivation, and reasoning 
styles), and design interactive training sessions that help 
users build accurate mental models of AI systems. Addition-
ally, incorporating feedback mechanisms that allow users to 
flag suspected errors and provide input can enhance systems 
accuracy over time. Further directions are also needed to 

investigate frictional human-first protocols, which may intro-
duce deliberate cognitive effort to promote more reflective 
decision-making and prevent professionals deskilling risks.

Ultimately, the goal of explainability should not merely 
be to increase transparency, but to ensure that explanations 
actively foster critical thinking, support informed decision-
making, and counteract cognitive biases, rather than rein-
forcing them.

6 � Conclusion

According to the complementarity principle, humans col-
laborating with AI systems should make better decisions 
than either working alone. However, AB remains a critical 
challenge in human–AI interaction, particularly as AI sys-
tems are increasingly integrated into high-stakes domains. 
This aimed to clarify the concept of inappropriate reliance, 
illustrating the complex interplay of factors that contribute to 
AB. These include other cognitive biases, such as anchoring 
and the Dunning–Kruger effect, along with dispositional, sit-
uational, and learned trust, task complexity, and individual 
differences in expertise and personality traits. We examined 
this issue through the lens of trust calibration, a fundamental 
challenge in human–automation interaction. This approach 
allowed us to assess not only what factors influence trust, 
but also the extent to which they contribute to misuse (i.e., 
AB), or its counterpart, disuse (i.e., algorithmic aversion).

Turning to practical implications, owing to extensive evi-
dence demonstrates that explanations alone are often insuf-
ficient to improve decision accuracy or mitigate AB, user 
engagement emerges as the most feasible and impactful point 
of intervention. Thus, effective debiasing strategies in XAI 
design should extend beyond transparency alone. Features 
such as understandability and adaptiveness have emerged 
as critical components, as they promote user engagement 
and verification behavior while accounting for associated 
cognitive costs. Together, these features contribute to reduc-
ing cognitive overload and ensuring a better fit with users’ 
cognitive styles and the demands of their task environments.

However, the present study presents several limita-
tions that should be acknowledged. The inclusion criteria 
constrained the analysis to peer-reviewed journal articles 
published between 2015 and 2025, potentially excluding 
relevant earlier works or cutting-edge insights available in 
pre-print formats. The restriction to English-language stud-
ies may have introduced a linguistic bias, limiting the rep-
resentation of findings from non-English-speaking regions. 
Furthermore, the exclusive focus on experimental designs 
precluded the inclusion of qualitative or mixed-methods 
research, which could offer richer, contextualized perspec-
tives on AB.
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The exclusion criteria further narrowed the scope, omit-
ting conference proceedings, theses, dissertations, and 
reviews, which may contain preliminary or comprehensive 
overviews of AB research. Similarly, studies addressing 
related constructs, such as AI acceptability or trust cali-
bration, were excluded unless directly linked to AB, which 
may have limited the exploration of its interconnections 
with broader phenomena. Additionally, research centered 
on technical AI development or algorithmic biases unrelated 
to AB was not included, potentially restricting insights into 
the contextual and technical underpinnings of automation 
reliance. A further limitation lies in the search method: the 
inclusion of additional sources beyond databases highlights 
the limitations of our search strategy. Despite being rigor-
ously structured, the query lacked sensitivity and failed to 
capture several relevant studies due to indexing gaps and 
variations in terminology. Lastly, despite our intention to 
examine cultural and socio-demographic factors, this review 
was unable to address them adequately, largely due to the 
current lack of studies focusing on cross-cultural compari-
sons. The only demographic factors identified were gender 
and age.

In light of the limitations identified, future research will 
endeavor to adopt a more integrative and methodologically 
diverse approach, incorporating qualitative and mixed-
methods designs to enrich the understanding of the multi-
faceted nature of AB. Furthermore, greater emphasis will be 
placed on cross-cultural comparative studies to systemati-
cally investigate the role of cultural and socio-demographic 
variables, which have thus far remained largely unexplored. 
Such efforts will be crucial to developing a more nuanced, 
context-sensitive, and globally generalizable conceptualiza-
tion of the phenomenon. In addition, expanding the scope 
to include non-English publications and integrating grey 
literature, such as conference proceedings and pre-prints, 
could capture emerging trends and innovative perspectives. 
Future work should explore the intersections of AB with 
other constructs like acceptability (i.e., humans’ willing-
ness to cooperate) and appropriate reliance, as well with AI 
systems ability to detect over or under-trust (see Okamara 
and Yamada 2020), particularly within the context of XAI, 
to deepen our understanding of this critical issue. Another 
interesting aspect could be the effect of the AI assistance 
type (whether deep learning, shallow models, or Wizard of 
Oz) on user’s reliance behavior (see Lai et al. 2023). This 
socio-technical approach could explore AB within a truly 
integrated and complete framework.
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