
Information Systems Frontiers
https://doi.org/10.1007/s10796-025-10691-2

thought-less only because man at the core of his being 
has the capacity to think.  (Heidegger, 1959/1966, 
p.28).

Even in moments of thoughtlessness, we do not relinquish 
our capacity to think (Heidegger, 1959/1966). Thinking is a 
defining trait of human nature (Holyoak & Morrison, 2005), 
and it is precisely this capacity – to reason and reflect – that 
must be nurtured and actively exercised in navigating the 
complexities of artificial intelligence (Mauti, 2024).

Artificial intelligence (AI) marks the latest chapter in 
the grand scheme of technological advancements (Kim et 
al., 2021). Created to automate tasks, enhance efficiency, 
and expand human potential, AI aims to liberate us from 
repetitive drudgery (Kim et al., 2021). However, the agentic 
nature of AI stands in tension with the reflective engage-
ment demanded by critical thinking over mere ease and 
efficiency (Mauti, 2024). This tension is particularly pro-
nounced in professions governed by deontological codes, 

1  Introduction

An expressway, where nothing grows, cannot be a 
fallow field. Just as we can grow deaf only because 
we hear, just as we can grow old only because we 
were young; so, we can grow thought-poor or even 
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which presume professionals’ active critical engagement 
and sound judgment to uphold responsibility and account-
ability and protect the interests of those they serve (Okasha, 
1999; Westerholm, 2009). Such obligations hold profes-
sionals to higher standards than those required by law (Ver-
rax, 2016), elevating critical thinking from a valuable skill 
to an essential safeguard for deontological decision-making.

Earlier generations of rule-based and information systems 
(IS), rooted in the von Neumann architecture (Goldstine, 
1993), supported these professional standards by provid-
ing transparent and predictable outputs through structured, 
reliable information frameworks (Phillips-Wren, 2013) that 
preserved space for critical thinking and human judgment. 
In stark contrast, AI introduces autonomy, learning, and 
inscrutability, disrupting the critical, reflective, deontologi-
cal decision-making processes central to these professions 
(Smith, 2021).

Simultaneously, across deontologically-governed profes-
sions, AI’s capacity to operate autonomously and evolve 
through data and experience is accelerating the integration 
of AI-assisted decision-making within professional work-
flows. Unlike the transparent, deterministic processing of 
traditional von Neumann-based systems, this transformation 
is fundamentally reshaping professional practices through, 
for example, machine learning-powered recruitment plat-
forms that streamline candidate evaluation in human 
resources management (Pedrami & Vaezi, 2025; Yanamala, 
2023), neural network-based imaging that enhances clini-
cal diagnostic accuracy in medicine (Aravazhi et al., 2025), 
generative design algorithms that optimize structural per-
formance in engineering (Bunian et al., 2024), to automated 
risk assessment tools that detect financial anomalies in 
accounting and audit (Ajayi-Nifise et al., 2023).

However, these advancements challenge the society-
profession nexus, wherein professional autonomy is insepa-
rable from accountability and responsibility as a condition 
for societal trust (Frankel, 1989). Responsibility involves 
fulfilling the duties and acting according to the standards 
required for a given role, while bearing credit or blame for 
the outcomes of such actions (Bivins, 2006). Yet, AI’s auton-
omy disrupts this principle by transferring decision-making 
from human oversight to machine-driven insights, creating 
ambiguity about who retains responsibility (Berente et al., 
2021). Accountability, by contrast, entails the obligation to 
answer for one’s actions or decisions and requires provid-
ing clear justification for the processes and outcomes of 
those actions to statutory bodies and those affected by them 
(Bivins, 2006; Smith, 2021). However, AI’s inscrutabil-
ity, resulting from the opacity of its underlying algorithms, 
often produces probabilistic outputs that professionals can-
not fully explain or defend (Asatiani et al., 2021; Berente 
et al., 2021). Consequently, diminishing opportunities for 

critical, reflective engagement, increasing the risk of overre-
liance on AI-generated outputs (Ellenrieder et al., 2023; Jus-
supow et al., 2021), and potentially severing decisions from 
the deontological standards these professions are bound to 
uphold.

Within this context, a growing body of research points 
to the importance of creating AI with explainability, trans-
parency, and reliability embedded as system-level proper-
ties (henceforth, properties) to support critical thinking in 
professional decision-making. Explainability may mitigate 
AI’s inscrutability by clarifying how and why decisions are 
made in terms understandable to users (Verma et al., 2020), 
thereby enabling the critical reflection necessary for profes-
sionals to identify errors, question outputs, and adjust deci-
sions accordingly (Ellenrieder et al., 2023). Transparency 
may complement explainability by making AI mechanisms 
visible and accessible (Doran et al., 2017), fostering the 
deliberative analysis that supports trust in the system’s integ-
rity while reducing the risk of overreliance (Fecho & Zöll, 
2023). Reliability, understood as consistent and accurate AI 
performance across varying conditions (Bansal et al., 2021), 
may provide professionals with the predictable foundation 
necessary for maintaining confidence in AI-supported deci-
sions, even in dynamic contexts (Shneiderman, 2020). We 
thus posit that these properties constitute the deliberately 
embedded levers to counter AI’s disruptive nature and pre-
serve the critical thinking that anchors accountability and 
responsibility in the society-profession nexus, thereby call-
ing for a closer examination of how each, considered in 
isolation or in concert, influences the reflective judgment 
required in AI-assisted decision-making within deontologi-
cally-governed practice. Our aim is to clarify the epistemic 
conditions under which these AI properties foster or hinder 
the critical-thinking processes that underlie such judgment.

Given these considerations, we ask: To what extent do the 
AI properties of explainability, reliability and transparency 
foster professionals’ critical thinking in AI-assisted deci-
sion-making processes within deontologically-governed 
professional contexts?

To address this question, we draw upon cognitive neu-
roscience, explanation-based reasoning, and heuristic-
systematic processing theories and adopt an exploratory, 
three-experiment, multi-method approach involving prac-
ticing, experienced human resources (HR) professionals 
that incrementally unpacks how these AI properties influ-
ence critical thinking and sound judgment across the phases 
of AI-assisted professional decision-making.

We start our investigation with AI explainability, given 
its potential pivotal role in rendering otherwise uninterpre-
table AI reasoning accessible and actionable (Doshi-Velez 
& Kim, 2017). Focusing on causal reconstructive explana-
tions that aim to rebuild AI’s reasoning through post-hoc, 
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user-centered narratives, Experiment 1 tests the theorization 
that their level of completeness influences critical think-
ing, with minimal reconstructive explanations - which 
provide partial rebuilding narratives requiring users to 
draw on internal schemas - eliciting greater critical engage-
ment, relative to fully reconstructive explanations and no 
AI support. Drawing upon prior NeuroIS research, we tri-
angulate electroencephalography (EEG) and electrodermal 
activity (EDA) with behavioral and self-report measures to 
establish and assess the neurophysiological basis of these 
effects under reliable AI. We find that minimal reconstruc-
tive explanations foster greater analytical reasoning and 
experienced decision-confidence. With these neural corre-
lates established, Experiment 2 investigates whether these 
observed benefits are contingent upon varying AI reliability 
using behavioral and self-report measures and reveals that 
reliability overrides these effects. In Experiment 3, we intro-
duce AI transparency, via model confidence scores, to assess 
whether it can restore the benefits of minimal reconstructive 
explanations for critical thinking when AI reliability varies. 
Our findings demonstrate that transparency emerges as a 
situational heuristic cue rather than restoring these effects, 
with reliability remaining the primary driver of critical, 
cognitive engagement and sound judgment. Together, these 
results reveal that AI properties foster critical thinking con-
ditionally, rather than uniformly.

This research contributes to the fields of IS and human-
centered AI by establishing the conditional nature of AI 
properties in supporting critical thinking and providing 
evidence-based guidance for designing AI systems that pre-
serve critical thinking in deontologically-governed contexts.

2  Related Literature and Theoretical 
Background

2.1  Human Thinking

Thinking, arguably one of the most intricate and complex 
phenomena shaping human experience (Ernst & von Müller, 
2005), has long been regarded by philosophical traditions 
as central to human existence, illustrating its multifaceted 
nature: from Descartes’ “Cogito, ergo sum” (“I think, there-
fore I am”), which situates thought as the foundation of 
self-awareness and existence, to Kant’s account of the mind 
organizing sensory data into coherent knowledge through 
universal categories, to Heidegger’s view of thinking as an 
ontological act that reveals and engages with the essence of 
being, to name but a few (Descartes, 1637/1998; Heidegger, 
1954/1968; Kant, 1781/1998).

Beyond its philosophical dimensions, thinking serves 
as the mechanism through which the coherence and 

interrelatedness of reality unfold, reflecting its dynamic 
and transformative nature (Ernst & von Müller, 2005, p.vi). 
From a cognitive neuroscientific perspective, this manu-
script conceptualizes thinking as “encompassing all oper-
ations by which humans link mental content to gain new 
insights or perspectives” (Ernst & von Müller, 2005, p.v).

Within this framework, thinking is understood as a core 
conscious and non-conscious capacity that entails reason-
ing, or the process of drawing inferences from given infor-
mation (Kraft et al., 2009); problem-solving, understood as 
a goal-oriented process to achieve a solution (Simon, 1960); 
and decision-making, which involves gathering informa-
tion, evaluating options, and selecting alternatives to meet 
objectives within a given context (Holyoak & Morrison, 
2005; Kahneman & Tversky, 1979; Simon, 1960) and is 
commonly conceptualized as a dual-phase, interconnected 
process encompassing a deliberative stage dedicated to 
information processing and an executive stage concerned 
with application and action (Rubinstein, 2007).

2.2  AI-Assisted Decision-Making in Deontologically-
Governed Professions

Deontology (from the Greek deonthos - due, as it should, 
as it ought) originally referred to religious-moral obliga-
tions before evolving to designate moral theory as a whole 
(Crudu, 2023). Over time, it acquired a more specific mean-
ing, denoting the proper conduct, actions, and responsibili-
ties of professionals (Crudu, 2023) and establishing strict 
normative standards between morality, ethics, and law 
(Frankel, 1989). Decision-making in deontologically-gov-
erned professions is thus guided by principles, obligations, 
and duties outlined in formal codes of conduct, irrespec-
tive of outcomes or personal consequences (Frankel, 1989; 
Rest, 1986).

These codes offer a normative framework that clarifies 
the moral dimensions of practices, breaches of which may 
result in formal sanctions (Frankel, 1989). Statutory bod-
ies are tasked with creating, maintaining, and enforcing 
such codes to uphold professional integrity, responsibil-
ity, and accountability. Governed by legal and regulatory 
frameworks, these bodies ensure that codes reflect societal 
expectations and the evolving demands of professional 
practices. For example, although tailored to their respec-
tive professions, the codes issued by the American Medi-
cal Association and the Québec Order of Certified Human 
Resources Professionals share core principles of respon-
sibility and accountability. Responsibility is reflected in 
duties such as prioritizing the welfare of those served, main-
taining independent judgment, and grounding decisions in 
thorough and reliable evaluations; accountability, in turn, 
is expressed through obligations such as safeguarding 
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AI’s inscrutability and potential for biases, may threaten the 
reliability of AI-generated evaluations and professionals’ 
agency in the decision-making process.

The complexity of these cumulative challenges increases 
the risk of overreliance on AI outputs, whereby profes-
sionals may disengage from discernment and thoughtful 
evaluation (Benbya et al., 2021; Lebovitz et al., 2022). 
Thus, potentially eroding the exercise of responsibility and 
accountability, which intrinsically rely on deliberate, reflec-
tive, and critical thought (Arendt, 1971; Mauti, 2024).

2.3  Critical Thinking

We draw upon philosophy to conceptualize critical think-
ing as a self-directed mode of thought conducive to 
informed judgment and decision-making in conditions of 
epistemic uncertainty (Cohen & Freeman, 1996; Lipman, 
1987; Siegel, 1989). Critical thinking is (1) self-correcting 
as it involves the ability to assess one’s thoughts, identify 
errors and biases, and address them systematically to refine 
and improve reasoning; (2) criteria-driven as it relies on 
principles of clarity, accuracy, or relevance to guide judg-
ment; and (3) context-sensitive as it recognizes that mean-
ing, assumptions and reasoning may change based on the 
nuances of a particular situation (Lipman, 1987). Through 
these properties, critical thinking operates dynamically 
across decision-making phases, supporting the systematic 
evaluation and integration of information in the delib-
erative phase, and guiding its application in the executive 
phase (Facione, 1990).

Critical thinking is thus inherently adaptive, responding to 
the evolving complexities of context and content (Edwards, 
2007). When applied, this reflective mode of thought fosters 
calibrated decision-confidence through thoughtful evalua-
tion (Facione, 2015), supports agency with deliberate and 
informed action (Pisani & Haw, 2023), and grounds trust and 
intentional, conscious reliance in reasoned, evidence-based 
judgment (Kleinig, 2016), all of which reflect the sustained 
exercise of professional accountability and responsibility in 
deontologically-governed professions.

2.4  Explanations and the Heuristic-Systematic 
Processing Theory

Research suggests that critical thinking can be effectively 
stimulated through explanations such as those that encour-
age reflection on reasoning, guide systematic analysis of 
evidence, and foster understanding of causal relationships 
and their implications for outcomes (Lombrozo, 2011; 
Lombrozo & Carey, 2006).

Explanations function as the process and the product of 
reasoning, serving as a dynamic mechanism through which 

confidentiality, ensuring equitable treatment, and providing 
accurate and transparent explanations to patients or clients 
(Riddick, 2003).

While such codes have traditionally ensured informed, 
deontologically aligned decision-making (Seitz & O’neill, 
1996; Singhapakdi & Vitell, 1991), AI-assisted decision-
making introduces an independent and influential third 
party into these processes to analyze data, predict outcomes, 
and generate recommendations (Danry et al., 2023; Li et al., 
2023). Designed to optimize decision accuracy and opera-
tional efficiency, these systems combine human expertise 
with AI capacities within established workflows to allow 
professionals to retain formal authority over decisions 
(Duan et al., 2019). However, AI’s distinct nature poses 
significant challenges to the principles of responsibility and 
accountability enshrined in deontological codes, as it intro-
duces learning, autonomy, and inscrutability.

The inscrutability of AI undermines accountability by 
constraining professionals’ ability to provide accurate and 
transparent explanations for AI-informed decisions. For 
example, AI tools used in performance evaluation or clini-
cal diagnostics often rely on complex analytical models that 
may obscure the reasoning behind their outputs, reducing 
professionals’ confidence in decisions and their ability to 
justify outcomes to affected individuals (Moazemi et al., 
2023; Tambe et al., 2019).

Moreover, AI’s autonomous learning processes can 
compromise accountability, particularly the obligation to 
ensure equitable treatment, by reproducing and amplify-
ing inherent biases in training data (Kadiresan et al., 2022). 
For instance, AI-assisted diagnostic tools used in hospital 
emergency departments recommended more advanced tests 
for wealthier patients while advising lower-income patients 
to forego further testing despite identical clinical presenta-
tions (Omar et al., 2025). Similarly, the Optum algorithm, 
designed to identify high-risk patients for additional care, 
assigned lower scores to underserved populations due to 
historical healthcare disparities (Obermeyer et al., 2019). 
Amazon’s AI-driven recruiting recommender system like-
wise disadvantaged female candidates for technical roles, 
perpetuating systemic inequities (Logg, 2019). AI’s capacity 
to unpredictably recalibrate its decision-making processes 
further challenges professionals’ responsibility to ground 
decisions in reliable, thorough evaluations and to exercise 
independent judgment. For example, AI systems used to 
analyze video interviews and recommend candidates may 
unpredictably adjust how they interpret nonverbal cues 
(e.g., facial expressions or tone of voice) as they learn from 
new datasets (Biradar et al., 2024). AI clinical decision-sup-
port systems may similarly recalibrate treatment protocols 
without clinicians being aware of the changes (Moazemi et 
al., 2023). Such unpredictable adjustments, compounded by 
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reflective and critical thought, even in the face of epistemic 
uncertainty, thereby safeguarding the responsibility and 
accountability central to these roles.

3  Research Overview

We develop and test our hypotheses in three experiments 
(Table  1). In Experiment 1, we theorize how explainabil-
ity, in the form of causal reconstructive explanations with 
varying levels of completeness, influences critical think-
ing under reliable AI conditions and use neurophysiologi-
cal, behavioral, and self-report measures to examine these 
effects. In Experiment 2, we introduce varying AI reliability 
to test whether the effects of explainability are contingent 
upon consistent system performance. In Experiment 3, we 
examine whether AI transparency, operationalized through 
model confidence scores, can modify the influence of 
explainability when reliability becomes uncertain.

4  Experiment 1: Explainability and Critical 
Thinking

4.1  Experiment 1: Research Hypotheses

4.1.1  Causal Reconstructive Explanations in AI 
Explainability

AI explainability seeks to leverage cognitive frameworks 
associated with representation, modeling, language, under-
standing, and learning to reach effective human-AI collab-
orative decision-making by clarifying the inscrutable nature 
of AI through explanatory mechanisms (Hoffman et al., 
2018). These mechanisms differ in strategies, content, and 
forms. Explanation content pertains to the specific elements 
that elucidate a classification, model, or decision, which can 

individuals generate, refine, and evaluate understanding, 
and act as the structured outcome that organizes and com-
municates information (Lombrozo, 2011). In this sense, 
explanations drive the discovery of new information, con-
firm its plausibility or utility, and support the evaluation 
of its trustworthiness (Lombrozo, 2011). By facilitating 
the efficient and effective development of cognitive frame-
works, explanations are expected to have measurable effects 
on behavior (Lombrozo, 2011).

To further understand how explanations facilitate criti-
cal thinking, we draw upon the heuristic-systematic pro-
cessing theory, which distinguishes between two modes of 
information processing: heuristic and systematic (Chaiken 
& Ledgerwood, 2012). Heuristic processing is relatively 
automatic, requires minimal cognitive effort, and operates 
through intuitive judgment and mental shortcuts, often 
prioritizing efficiency over accuracy and depth (Chaiken 
& Ledgerwood, 2012). While effective in familiar con-
texts, heuristic processing may be prone to biases in novel 
or complex situations where more deliberate reasoning is 
required (Li et al., 2021). In contrast, systematic process-
ing entails deliberate, analytical evaluation, emphasizing 
effortful reasoning and the careful integration of evidence, 
and a thorough analysis of factual consequences (Chaiken 
& Ledgerwood, 2012; Vance et al., 2015), whereby suc-
cessful critical thinking exemplifies systematic processing 
(Bonnefon, 2018). In this regard, explanations may gener-
ally facilitate the transition between heuristic and system-
atic processing by refining intuitive judgments, addressing 
inconsistencies in reasoning, evaluating the strength of evi-
dence, and exploring alternative perspectives and outcomes 
(Lombrozo, 2011; Williams & Lombrozo, 2010).

Taken together, when navigating the complexities of 
AI-assisted decision-making in deontologically-governed 
professions, explanations of AI reasoning may enable 
professionals to critically evaluate AI-generated outputs, 
mitigate the risk of overreliance, and support deliberate, 

Table 1  Experiments overview
Experiment 1 Experiment 2 Experiment 3

Objectives • Examine the effect of the levels of complete-
ness of causal reconstructive explanations on 
critical thinking and behavioral outcomes during 
decision-making.
• Establish neural markers of critical thinking 
processes.

• Examine whether the effect of 
causal reconstructive explanations’ 
completeness on critical thinking is 
contingent on AI reliability during 
decision-making.

• Examine whether AI transpar-
ency (confidence scores) can 
restore the effect of the levels of 
completeness of causal reconstruc-
tive explanations under varying AI 
reliability during decision-making.

Design Within-subject repeated measures Mixed design Mixed design
ID Explainability (causal reconstructive explanations) Explainability, reliability Explainability, reliability, and 

transparency
DV Neural correlates of critical thinking, reading times 

(predictive encoding), decision times (cognitive flu-
ency), selective reliance, and decision-confidence.

Attentional-semantic processing, 
analytical reasoning, appropriate 
reliance, calibrated decision-confi-
dence, and calibrated trust in AI.

Attentional-semantic processing, 
analytical reasoning, appropriate 
reliance, calibrated decision-confi-
dence, and calibrated trust in AI.

Measures EEG, EDA, behavioral, and self-reports Behavioral and self-reports Behavioral and self-reports
EEG :Electroencephalography, EDA: Electrodermal activity, ID: Independent variables, DV: Dependent variables
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establishing a diagnostic or recruiting a candidate accord-
ing to pre-set criteria), schematic anticipation of the con-
sequences and stages towards reaching this goal is always 
implied and acts as the starting point for further reasoning 
processes (Van Den Berg et al., 2020).

Reconstructive AI explanations may thus increase the 
ease and speed of human reasoning, determined by the level 
of completeness of the reconstructive explanation, which 
provides the missing information necessary to close the gap 
between the anticipated and final solution. In this context, 
we further posit that fully reconstructive AI explanations 
that offer detailed, pre-made schema may substitute for pro-
fessionals’ internal schema, and thus reduce critical think-
ing. In contrast, minimal reconstructive AI explanations 
may act as skeletal frameworks, requiring professionals to 
draw on their internal schema to complete the reasoning 
process, increasing their propensity to think critically.

4.1.2  Neural Correlates of Critical Thinking (H1a-d)

Critical thinking involves deliberate, analytical evaluation, 
effortful reasoning, and careful integration of evidence for 
judgment formation and informed decision-making (Lip-
man, 1987). Drawing from cognitive neuroscience, critical 
thinking is understood as emerging from the interaction of 
higher-order neural processes of attention, information and 
semantic processing, and analytical reasoning, each sup-
ported by the activation and inhibition of interconnected 
brain regions - or neural correlates - expressed through neu-
ral oscillations (i.e., rhythmic patterns of electrical activity 
across groups of neurons that facilitate communication and 
coordinate cognitive processes) (Klimesch, 2018; Newman, 
2019; Sarter et al., 1996) and operating within recurrent 
loops (Knudsen, 2007). These neural correlates, observable 
in specific cortices of the human brain through electroen-
cephalography (EEG) as variations in brainwave frequency 
and amplitude across alpha, beta, gamma, delta, and theta 
bands, indicate cognitive engagement, which aids in the 
inference of critical thought, and serve as reliable indicators 
of such engagement as critical thinking unfolds dynamically 
across the deliberative and executive phases of decision-
making in interdependent ways (Müller-Putz et al., 2015).

Deliberative Phase: Attention, Information, and 
Semantic Processing  In the deliberative phase, criti-
cal thinking initially relies on the sustained and selective 
allocation of attentional resources to relevant evidence and 
potential inconsistencies. Sustained attention, understood 
as the self-directed maintenance of cognitive focus under 
non-arousing conditions (Clayton et al., 2015), is associated 
with increased activation in occipital (visual processing) 
and parietal (attention allocation) brain regions (Coslett & 

take various forms, such as textual descriptions, statistical 
graphs, decision trees, feature histograms, color gradients, 
feature matrices, or rule sets (Danry et al., 2023; Gregor & 
Benbasat, 1999). Strategies for conveying this information 
include analogy-based, counterfactual, dialogue-based, and 
causal explanations (Danry et al., 2023).

Prior work suggests that causal explanations stimulate 
critical thinking by encouraging reflection, evidence-based 
reasoning, and multi-step causal analysis (Lombrozo, 2011; 
Williams & Lombrozo, 2010), a process that mirrors how 
professionals traditionally explain and justify their deci-
sions (Morrison et al., 2023). However, in AI explainability, 
the general effectiveness of causal explanations is a matter 
of debate: such explanations may, on the one hand, foster 
deliberate reasoning and mitigate overreliance on AI (Kaur 
et al., 2020; Morrison et al., 2023), while, on the other hand, 
encouraging overreliance through the bypassing of verifica-
tion (Danry et al., 2023).

We propose that these contradictory findings may be 
explained by examining different approaches to causal 
explanations. One approach to causal explanations in AI 
explainability involves reconstructive explanations, which 
aim to rebuild AI’s reasoning by aligning it with the system’s 
original contextual decision-making elements and present-
ing the rationale in a simplified, user-centered narrative 
(Vilone & Longo, 2021; Wick et al., 1995; Wick & Thomp-
son, 1992). These reconstructive explanations operate as 
post-hoc rationales that articulate decision-relevant factors 
in ways that are understandable and usable for the intended 
user’s judgement and, as such, do not provide access to the 
underlying computational mechanisms of the AI (Doshi-
Velez & Kim, 2017). We argue that reconstructive causal 
explanations (henceforth, reconstructive explanations) may 
facilitate critical thinking in AI-assisted decision-making. 
These forms of explanations may enable professionals to 
assess whether the AI’s reasoning aligns with the principles, 
codes, and standards governing their field. Wherein these 
reconstructive explanations provide a structured framework 
– or schema – that professionals can use as a starting point 
for critical evaluation.

We further posit that the level of completeness of AI 
reconstructive explanations may influence the level of criti-
cal engagement during decision-making processes, whereby 
explanations featuring minimal reconstructive relationships 
may better align with professionals’ reasoning processes, 
or schema, compared to those involving multiple inde-
pendent causes for different effects (Korman & Khemlani, 
2020; Lombrozo, 2007). Such an assumption aligns with the 
information processing psychology concept of schematic 
anticipation (Bartlett, 1932; De Groot, 1965; Hark, 2003) 
and neuroscience predictive encoding theories (Millidge 
et al., 2021), wherein when setting a concrete goal (i.e., 
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gamma (facilitating the rapid correlation of information) 
(Başar-Eroglu et al., 1996); centroparietal theta (reflecting 
realignment for analytical purposes) (Kayser et al., 2012); 
frontocentral theta and delta (associated with sustained 
cognitive engagement and conflict monitoring) (Cavanagh 
& Frank, 2014; Harmony, 2013); parietal beta (supporting 
inhibition of irrelevant outputs and cognitive focus) (Naaz et 
al., 2021); and parietal-occipital delta (integration of visual 
and conceptual information during judgment consolidation) 
activity (Harmony, 2013).

Critical thinking reflects the coordinated activation of sus-
tained attention, information processing, semantic analysis, 
and analytical reasoning across the deliberative and execu-
tive decision-making phases. Accordingly, we hypothesize 
that, compared to decision processes without AI support, 
the level of completeness in AI reconstructive explanations 
will influence the neural correlates of critical thinking as 
follows:

H1a. No AI support will elicit greater deliberative-
phase neural activity (attention, information, and 
semantic processing) than either minimal or fully 
reconstructive explanations.

H1b. Minimal reconstructive explanations will elicit 
greater deliberative-phase neural activity (attention, 
information, and semantic processing) than fully 
reconstructive explanations.

H1c. No AI support will elicit greater executive-phase 
neural activity (analytical reasoning) than either mini-
mal or fully reconstructive explanations.

H1d. Minimal reconstructive explanations will elicit 
greater executive-phase neural activity (analytical rea-
soning) than fully reconstructive explanations.

4.1.3  Neurophysiological Correlates and Self-Reported 
Decision-Confidence (H2a-c)

Building on our theorization of critical thinking across deci-
sion-making phases, we now consider how varying levels of 
reconstructive AI explanations contribute, through this pro-
cess, to the formation of decision-confidence, as a distinct 
affective-cognitive outcome.

Decision-confidence refers to the subjective sense of 
certainty regarding the accuracy and validity of a given 
decision, independent of its actual correctness (Yeung 
& Summerfield, 2012). In this context, critical thinking 
grounds decision-confidence in analytical rigor rather than 

Schwartz, 2018; Kawasaki & Yamaguchi, 2012), supported 
by increases in theta (facilitating cognitive control) and 
delta-band oscillatory activity (facilitating sustained focus) 
during tasks requiring detailed evaluation of evidence 
(Cavanagh & Frank, 2014; Harmony, 2013).

Beyond sustained attention, critical thinking requires 
selectively attending to relevant information while inhib-
iting distractions, particularly when evaluating conflict-
ing evidence. Selective attention has been associated with 
increased temporoparietal theta (supporting mismatch detec-
tion and reasoning when discrepancies in expected informa-
tion must be identified) activity (Hiraishi et al., 2021; Jeunet 
et al., 2018); temporoparietal delta (associated with internal 
focus and the attention required for discrepancy detection 
during judgment-building) activity (Harmony, 2013); and 
temporoparietal beta (facilitating conflict resolution and 
integration of competing inputs during judgement-building) 
activity (Park et al., 2018).

Building upon this foundation of attentional processes, 
critical thinking next relies on information and semantic 
processing to interpret, organize, and understand incom-
ing data. Information processing involves categorizing raw 
sensory inputs, such as phonological or visual stimuli, into 
meaningful and coherent representations (Cacioppo et al., 
2017). Semantic processing links these representations with 
stored knowledge and contextual frameworks, facilitating 
understanding and application (Binder et al., 2009). These 
interconnected processes engage the frontal (cognitive con-
trol) (Miller & Cohen, 2001), centroparietal (information 
organization and semantic integration) (Petrides, 2013), 
and parietal (semantic processing) brain regions (Coslett 
& Schwartz, 2018), and are coupled with increases in theta 
(supporting cognitive control and integration) and delta 
(supporting sustained focus) activity, which together facili-
tate the integration of information into coherent judgment 
(Coslett & Schwartz, 2018; Petrides, 2013).

Executive Phase: Analytical Reasoning  As the delibera-
tive phase progresses toward decision execution, critical 
thinking culminates in analytical reasoning, where choice-
relevant information is synthesized and evaluated to form 
coherent, informed judgment (Alexander, 2014). Analyti-
cal reasoning engages the dorsolateral prefrontal (working 
memory and manipulation of information) (Barbey et al., 
2013), frontal (cognitive reasoning and inhibitory control) 
(Chayer & Freedman, 2001), parietal (decision-making 
under uncertainty) (Naaz et al., 2021), centroparietal (ana-
lytical realignment and integration) (Kayser et al., 2012), 
and anterior cingulate (conflict monitoring and decision 
confidence) cortical regions (Botvinick et al., 2004). Neural 
activity supporting analytical reasoning is characterized by 
increases in frontal beta (inhibition) (Rojas et al., 2020) and 

1 3



Information Systems Frontiers

H2b. Minimal reconstructive explanations will elicit 
greater executive-phase physiological correlates of 
decision-confidence than either fully reconstructive 
explanations or no AI support.

H2c. Post-decision, minimal reconstructive explana-
tions will result in greater self-reported decision-con-
fidence than either fully reconstructive explanations or 
no AI support.

4.1.4  Behavioral Indicators of Schematic Anticipation and 
Selective Reliance (H3a-c)

We further posit that the varying levels of completeness in 
reconstructive AI explanations, through their influence on 
critical thinking via schematic anticipation processes, are 
reflected in behavioral patterns across the deliberative and 
executive phases of decision-making.

During the deliberative phase, reading time provides a 
temporal indicator of predictive encoding, whereby pro-
fessionals assess the alignment between AI explanations 
and their internal schema (Fincher-Kiefer, 1996). Minimal 
reconstructive explanations may be processed more rapidly, 
as they allow internal schema to be more readily drawn 
upon without extensive parsing of AI-generated reasoning. 
In contrast, fully reconstructive explanations may prompt 
longer reading time due to the need to process and reconcile 
detailed, externally provided reasoning.

In the executive phase, decision time reflects the cogni-
tive fluency with which AI reasoning is integrated with inter-
nally held standards (Buçinca et al., 2021; Cao et al., 2023; 
Schwarz et al., 2021). Minimal reconstructive explanations 
may facilitate faster decisions by providing a skeletal narra-
tive that aligns with anticipated schema, supporting efficient 
predictive encoding, and confident execution. Conversely, 
fully reconstructive explanations may introduce additional 
interpretive steps requiring integration, thus extending deci-
sion time.

Selective reliance provides a behavioral indicator of 
critical engagement with AI outputs under conditions of 
consistent reliability, capturing the extent to which AI-
generated reasoning is critically evaluated and acted upon, 
contrasting with complacency (Parasuraman et al., 1993). 
In such settings, selective reliance patterns reflect differ-
ences in critical appraisal rather than variation in perfor-
mance accuracy. Fully reconstructive explanations may 
increase reliance by offering a terminal narrative path 
that feels complete and discourages further questioning. 
Conversely, minimal reconstructive explanations may 
encourage more critical appraisal and, consequently, more 
selective uptake.

heuristic-driven overconfidence by supporting systematic 
evaluation, outcome anticipation, and reflective appraisal of 
evidence (Chaiken & Maheswaran, 1994; Facione, 2015).

In AI-assisted decision-making, the format and structure 
of explanations are generally expected to influence decision-
confidence (Alufaisan et al., 2021; Gregor & Benbasat, 
1999). Furthermore, empirical research shows that detailed 
or complex explanations may introduce cognitive overload, 
impair judgment quality, or foster a false sense of certainty 
(Poursabzi-Sangdeh et al., 2021). These findings suggest that 
the level of completeness of AI explanations, and thus their 
capacity to stimulate critical thinking, may support the pro-
cess through which decision-confidence is actively formed.

Decision-confidence is expected to emerge during the 
executive phase of decision-making, after information has 
been integrated and a judgment formed, and is reflected in 
distinct neural and physiological correlates. At the neural 
level, this process involves increased beta activity in pari-
etal and centroparietal regions (supporting metacognitive 
certainty, judgment consolidation, and confidence in deci-
sion outcomes), reflecting the integration of information 
and resolution of decisional conflict (Naaz et al., 2021; 
Wang et al., 2016; Wilhelm et al., 2021). Increased fronto-
central beta and gamma activity has been associated with 
executive attention, internal monitoring and confident task 
engagement, respectively (Wang et al., 2016). Furthermore, 
decreased temporoparietal beta activity relates to reduced 
inhibitory demands and less reliance on internal evaluation 
under uncertainty, and thus, with greater confidence in one’s 
judgement (Park et al., 2018).

Physiologically, decision-confidence may be inferred 
through electrodermal activity (EDA), which captures 
fluctuations in skin conductance that reflect sympathetic 
nervous system activation during cognitive and emo-
tional processing (Boucsein, 1999; Riedl, 2013; Tranel & 
Damasio, 1994). Among EDA indices, skin conductance 
responses (SCRs) are well-established biomarkers of con-
fidence dynamics. Higher SCR amplitudes during decision 
execution are typically associated with increased arousal, 
uncertainty, or anxiety, whereas lower amplitudes indicate 
reduced anticipatory stress and greater subjective confi-
dence in the decision made (Bechara et al., 1997; Dawson 
et al., 2011).

Accordingly, we propose that minimal reconstructive 
explanations lead to greater decision-confidence than either 
fully or reconstructive explanations or no AI support, and 
more specifically:

H2a. Minimal reconstructive explanations will elicit 
greater executive-phase neural correlates of decision-
confidence than either fully reconstructive explana-
tions or no AI support.
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recruitment criteria: education, experience, and program-
ming competencies.

The task was implemented across 30 counterbalanced 
trials, divided equally into three conditions: (1) no AI 
support (NAS), in which participants evaluated resumes 
independently, without AI recommendations; (2) minimal 
reconstructive AI explanations (MRE), where AI provided a 
recommendation, and a single composite score derived from 
the three criteria; and (3) fully reconstructive AI explana-
tions (FRE), where AI provided a recommendation, indi-
vidual scores for each criterion, and highlighted relevant 
resume content (see Figs. 1 and 2).

Prior to the task, participants were introduced to the 
institution, the job description, and the recruitment criteria. 
They were also informed that, in certain trials, an AI would 
provide candidate recommendations. Each trial comprised a 
deliberative phase, during which two unique resumes were 
displayed side-by-side for self-paced assessment, followed 
by an executive phase, where a separate screen prompted 
candidate selection. A 10-second fixation cross was pre-
sented between trials. The task was self-paced, though par-
ticipants were informed that resume reading typically took 
about one minute.

4.2.3  Stimuli Design

Stimuli consisted of 60 unique resumes created by ano-
nymizing and recombining content from real Web Analyst 
resumes obtained from the university’s HR department. 
Resumes were presented in a standardized two-column lay-
out (one column per candidate) to control layout-induced 
neural variability (Wardle et al., 2016). Variations were lim-
ited to textual content (i.e., profile, education, experience, 
and programming skills) and the level of reconstructive AI 
explainability. Visual cues for explainability (i.e., composite 
and criterion-level scores, highlighted text) were embedded 
directly into the resume layout in the MRE and FRE condi-
tions (see Fig. 1). Neutral colors were used throughout to 
minimize affective bias (Yoto et al., 2007).

AI recommendations were generated using a Preference-
Dependent Measure (Aksoy et al., 2011), based on aggre-
gate scores across the three recruitment criteria. Scoring 
rules allocated up to 10 points per criterion: experience 
(2/5/10 points for < 2, 2–5, or > 5 years), education (3/5/10 
points depending on degree relevance), and programming 
(2 points per language, max 10). The candidate with the 
highest score was always recommended, ensuring consis-
tent reliability and isolating the effects of reconstructive 
explanation on critical thinking and related outcomes, 
while minimizing confounds from mistrust or trust recov-
ery. Recommendations were counterbalanced across trials 
and conditions.

H3a. Minimal reconstructive explanations will elicit 
reduced predictive encoding activity (shorter reading 
time) during the deliberative phase than fully recon-
structive explanations, but longer than no AI support.

H3b. Minimal reconstructive explanations will elicit 
greater cognitive fluency (shorter decision times) 
during the executive phase than fully reconstructive 
explanations, but less than no AI support.

H3c. Minimal reconstructive explanations will result 
in greater selective reliance on AI than fully recon-
structive explanations.

4.2  Experiment 1: Methodology

4.2.1  Participants

We recruited 23 active HR professionals, registered mem-
bers of a recognized professional order (aged 22–56; 
M = 36.5; SD = 11.18; 70% female; with an average of 
13.3 years of experience). This sample size aligns with 
prior EEG and EDA studies employing a within-subject 
repeated measures design (Boucsein, 1999; Boucsein & 
Thum, 1997; Riedl et al., 2020). Participants met eligibil-
ity criteria for EEG and EDA measurements. The approxi-
mately 90-minute study included consent, sensor setup 
and removal, calibration, scenario reading, task comple-
tion, and post-task sociodemographic questionnaires. Par-
ticipants received CAD150 compensation. The experiment 
was conducted at a North American university behavioral 
laboratory and was approved by the Research Ethics Board 
(certificate #2023–5041). All participants provided written 
informed consent.

4.2.2  Experimental Task and Design

Experiment 1 employed a scenario-based, one-factor 
within-subject Wizard-of-Oz design1 (Riek, 2012) simulat-
ing AI-assisted decision-making. Participants were tasked 
with pre-selecting Web Analyst candidates from pairs of 
resumes for a fictitious academic institution, based on three 

1   The Wizard-of-Oz methodology (Riek, 2012) is a widely used tech-
nique in human-computer interaction research (Steinfeld et al., 2009) 
for simulating interactions and examining users’ responses to hypo-
thetical systems, such as fluent, real-world AI (Hinds et al., 2004). In 
this paradigm, participants interact with what appears to be an autono-
mous system, while its functions are covertly operated by a human 
“wizard.” Following Steinfeld et al.’s (2009) classification, this study 
employed a classical Wizard-of-Oz design, in which the technological 
functionality is assumed, and the analytic focus remains exclusively on 
participants’ behavior and responses.
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Fig. 1  Experiment 1: Stimuli as presented to participants. Font sizes reduced for publication layout
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4.2.6  Material and Apparatus

The experimental task was developed and administered 
using E-Prime 3 software (Psychology Software Tools, Pitts-
burgh, PA), which sent time markers for stimuli presentation 
Observer XT (Noldus, Wageningen, The Netherlands). EEG 
data were acquired using a 32-channel EASYCAP headset 
(EASYCAP GmbH, Wörthsee, Germany) with electrodes 
positioned according to the 10–20 system. Recordings were 
captured at a 250 Hz sampling rate via Brain Vision acquisi-
tion software (Brain Vision, Morrisville, USA). Mastoid elec-
trodes served as ground electrodes during recording. EDA 
data were recorded at 256 Hz using a Biopac MP-150 system 
running via AcqKnowledge 4.4 software (Biopac Systems 
Inc., Santa Barbara, CA). Post-hoc synchronization of EDA 
data was performed using the Cobalt Photobooth software 
305 (Courtemanche et al., 2022; Léger et al., 2019). EEG data 
preprocessing was conducted in MATLAB (version 2020b, 
MathWorks, Natick, MA, USA) using the EEGLab toolbox 
(Delorme & Makeig, 2004). Statistical analyses were per-
formed in SPSS (version 25, IBM, Armonk, NY, USA).

4.2.7  Data Preprocessing and Analysis

Electroencephalography (EEG) data were preprocessed 
following established guidelines for EEG research (Mül-
ler-Putz et al., 2015). Noisy EEG channels were removed, 
and independent component analysis (ICA) was applied to 
eliminate physiological artifacts and periodic noise. Sig-
nals were band-pass filtered between 3 and 40 Hz. Based 
on observed variability in task timing across conditions, 
post-stimulus windows of 21 and 3 s were defined for the 

4.2.4  Measures

Electroencephalography (EEG) activity was continuously 
recorded to extract time–frequency amplitudes in the beta, 
gamma, delta, and theta bands during the deliberative 
(resume assessment) and executive (candidate selection) 
phases. EDA was recorded concurrently to derive SCR. 
Reading time was measured as the interval from resume dis-
play onset to the spacebar press, and decision time as the 
interval from candidate selection screen onset to the partici-
pant’s final decision. The number of AI-recommended can-
didates selected was used as a binary behavioral measure of 
selective reliance (Candrian & Scherer, 2022). Self-reported 
decision-confidence was measured after each trial using a 
single item from Inbar et al. (2011) on a 5-point scale (see 
Appendix, Table 6). Random attention checks were inserted 
every seven trials to ensure response validity (Shamon & 
Berning, 2020).

4.2.5  Procedure

After providing informed consent, participants were fitted 
with the EEG cap according to the international 10–20 sys-
tem, and EDA sensors were applied to the palm of the non-
dominant hand. They were seated at a desk equipped with a 
screen, keyboard, and mouse. Following a 90-second fixa-
tion cross, participants were presented with the task scenario 
and asked to verbally recall the three recruitment criteria to 
ensure comprehension. They then completed three practice 
trials, one for each experimental condition. After the task, 
participants completed a sociodemographic questionnaire, 
and all sensors were removed.

Fig. 2  Experiment 1: Experimental design
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selected vs. not selected was calculated per condition, and 
differences between conditions were assessed using Fisher’s 
exact test for categorical data (Lury & Fisher, 1972).

Self-reported decision-confidence was averaged per 
participant per condition and analyzed with paired sample 
t-tests.

4.3  Experiment 1: Results

4.3.1  Neural Correlates of Critical Thinking (H1a-d)

Results from the between-condition analysis of the EEG data 
during the deliberative phase support H1a (Fig. 3). Related 
to sustained attention, delta-band amplitudes were signifi-
cantly higher in NAS against MRE (occipital: Z = −2.65, 
p = 0.008; parietal: Z = −2.61, p = 0.009) and FRE (occipital: 
Z = −2.65, p = 0.008; parietal: Z = −2.65, p = 0.008). Simi-
larly, theta-band amplitudes were significantly higher in 
NAS compared to MRE (parietal: Z = −2.25, p = 0.02) and 
FRE (occipital: Z = −2.85, p = 0.004; parietal: Z = −2.25, 
p = 0.02).

For selective attention, delta-band amplitudes in the tem-
poroparietal region were significantly higher in NAS com-
pared to MRE (Z = −2.61, p = 0.009). When comparing NAS 
to FER, both delta-band (Z = −2.17, p = 0.03) and theta-band 
(Z = −3.82, p < 0.001) amplitudes were significantly higher 
in the temporoparietal region.

Regarding information and semantic processing, delta-
band amplitudes were significantly higher in NAS com-
pared to MER (centroparietal: Z = −2.61, p = 0.009; parietal: 
Z = −2.61, p = 0.009) and FER (centroparietal: Z = −2.33, 
p = 0.02; parietal: Z= −2.65, p = 0.008). Theta-band ampli-
tudes were also significantly higher in NAS compared to 
MER (centroparietal: Z = −2.33, p = 0.02; parietal: Z = −2.25, 
p = 0.02) and FER (centroparietal: Z = −2.09, p = 0.03; fron-
tal: Z = −2.33, p = 0.02; parietal: Z = −2.09, p = 0.03).

With respect to H1b, no significant differences were 
observed between MER and FER across theta- or delta-
band activity in the brain regions associated with sustained 
and selective attention, or information and systematic pro-
cessing. Thus, H1b was not supported.

Turning to H1c and analytical reasoning during the 
executive phase (Fig. 4), beta-band amplitudes in the pari-
etal region (Z = −2.87, p = 0.004), gamma-band amplitudes 
in the frontocentral region (Z = −2.05, p = 0.04) were sig-
nificantly higher in NAS against MER. Furthermore, delta 
amplitudes were significantly higher in the parietal-occipital 
region in NAS against MR (Z = −2.15, p = 0.03) and FRE (Z 
= −2.41, p = 0.01). These results support H1c.

Regarding H1d, beta-band amplitudes in the centropari-
etal region were significantly higher in MER than FER (ard-
ing H1dZ = −2.11, p = 0.03), supporting H1d.

deliberative and executive phases, respectively. Each win-
dow was segmented into three-second intervals. EEG data 
were epoched from − 1 to 4 s relative to each interval onset. 
Trials with substantial movement artifacts were excluded 
after visual inspection. EEG signals were decomposed 
into delta (2–4 Hz), theta (5–7 Hz), beta (15–29 Hz), and 
gamma (30–59 Hz) bands (Rempe et al., 2023) using the 
Hilbert transform. Time-frequency amplitude envelopes 
for each band were extracted and averaged across epochs 
within each participant, task phase, and condition. Final 
mean amplitude values were calculated by averaging over 
a 0–3  s interval in each window of interest for each par-
ticipant. These values were used in subsequent statistical 
analyses. Four participants were excluded due to excessive 
EEG noise.

Electrodermal activity (EDA) data were preprocessed 
following standard procedures (Boucsein, 2012). Frequency 
decomposition was applied to EDA data to derive SCR. 
Raw signals were down-sampled from 256 Hz to 100 Hz 
to produce one-second averages. Data were segmented and 
averaged by participant, trial, and condition. To maintain 
consistency across conditions and account for the brief dura-
tion of the executive period, a fixed 3-second post-stimulus 
window (from decision screen onset) was used to extract 
SCR values (Figner & Murphy, 2011). Two participants 
were excluded due to excessive signal artifacts.

4.2.8  Data Analysis

Statistical significance was set at p < 0.05. Normality was 
assessed using Kolmogorov-Smirnov and Shapiro-Wilk 
tests (p > 0.05); non-parametric tests were applied where 
appropriate (Rojas et al., 2020).

Electroencephalography amplitudes were clustered into 
nine cortical regions of interest corresponding to major 
brain areas (Bin et al., 2019): frontal (Fp1, FP2, F3, F4, F8, 
Fz), frontocentral (FC1, FC2, FC5, FC6), temporal (T7, T8), 
temporoparietal (TP9, TP10), central (C3, C4, Cz), centro-
parietal (CP1, CP2, CP5, CP6), parietal (P3, P4, P7, P8, Pz), 
occipital (O1, O2, Oz), and parieto-occipital (PO9, PO10). 
For each frequency band and task phases (deliberative and 
executive), within-subject, between-condition comparisons 
were conducted using the Wilcoxon signed-rank test (Islam 
et al., 2020; Jebelli et al., 2018; Kurihara et al., 2022).

Skin conductance response (SCR) data were z-trans-
formed per participant for each task window and analyzed 
using Wilcoxon signed-rank tests to assess within- and 
between-condition differences (Braithwaite & Watson, 
2015; Mühl et al., 2020).

Paired sample t-tests were used to assess main and spe-
cific effects of the experimental conditions on reading and 
decision times. The number of AI-recommended candidates 
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4.3.3  Behavioral Indicators of Schematic Anticipation and 
Selective Reliance (H3a-c)

For H3a, the between-condition analysis of the behavioral 
data, showed differences in reading times, which were 
significantly longer in NAS than in MER (t(224) = 3.10, 
p = 0.02, d = 0.21), in NAS than in FER (t(224) = 5.23, 
p < 0.001, d = 0.35), and in MRE than in FER (t(224) = 2.42, 
p = 0.002, d = 0.21) (Fig. 3).

H3b was not supported. Decision times showed a non-
significant curvilinear trend, with the shortest average deci-
sion time observed in NAS and the longest in MER.

H3c was also not supported. Although the average num-
ber of AI recommendations followed was higher in FER 
than in MER, the difference was not statistically significant.

4.4  Experiment 1: Discussion

Using a NeuroIS approach, Experiment 1 investigated 
how consistently reliable AI, paired with varying levels of 
reconstructive causal explainability completeness, influ-
ences the cognitive processes and neural dynamics underly-
ing critical thinking, and how these, in turn, contribute to 
decision-confidence and selective reliance in AI-assisted 

4.3.2  Neurophysiological Correlates of, and Perceived 
Decision-Confidence (H2a-c)

Turning to H2a, and decision-confidence (Fig. 4), results 
from the EEG data during the executive phase showed 
that, compared to FRE, MRE was associated with signifi-
cantly higher beta amplitudes in centroparietal (Z = −2.11, 
p = 0.03) and frontocentral (Z = −2.05, p = 0.04), and sig-
nificantly lower temporoparietal-beta amplitudes (Z = 
−3.01, p = 0.03). Moreover, temporoparietal beta amplitudes 
were significantly lower in MRE against NAS (Z = −2.24, 
p = 0.04). However, contrary to our hypothesis, parietal beta 
amplitudes were significantly higher in MRE than NAS (Z = 
−2.87, p = 0.004), therefore partially supporting H2a.

For H2b, analysis of the EDA data showed that SCR 
amplitudes were, on average, significantly lower in MRE 
than in NAS (Z = −4.41, p < 0.001), and significantly lower 
in NAS than in FRE (Z = −3.19, p = 0.001), thereby provid-
ing partial support for H2b.

For H2c, self-reported decision-confidence measured 
post-decision was significantly higher in FER than in MRE 
(t(224) = 4.87, p < 0.001, d = 0.32), and significantly higher 
in MRE than in NAS (t(224) = 3.10, p = 0.002, d = 0.29), 
thereby partially supporting H2c.

Fig. 3  Experiment 1: Neural correlates of critical thinking and reading times during the deliberative phase
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any AI-generated reconstructive explanation may partially 
substitute for internal evaluative processes during initial 
evidence appraisal.

However, despite this convergence in neural activity, the 
observed significant decrease in reading time across con-
ditions (H3a) supports the hypothesis that such minimal 
reconstructive explanations may facilitate more efficient 
predictive encoding processes, allowing internal schemas 
to be more readily drawn upon and reducing the need for 
extensive critical analysis or interpretation of AI-generated 
reasoning. Consequently, diminishing the extent to which 
critical thinking was required during the deliberative phase.

Conversely, during the executive phase (i.e., candidate 
selection), explanation completeness distinctly influenced 
analytical reasoning. Minimal reconstructive explanations 

decision-making within deontologically-bound contexts. 
Our findings enrich knowledge with nuanced insights into 
these processes.

During the deliberative decision-making phase (resumes 
assessment), NAS elicited the greatest neural activation 
across brain regions and band frequencies associated with 
sustained attention, selective attention, and information and 
semantic reasoning. This pattern supports the hypothesis 
that, without access to external reasoning, greater demands 
are placed on the neural processes supporting critical think-
ing, requiring greater engagement of attentional, integra-
tive, and evaluative cognitive processes (H1a).

Interestingly, no significant differences were observed 
between minimal and fully reconstructive explanations in 
these neural markers (H1b, not supported), suggesting that 

Fig. 4  Experiment 1:Neural correlates of analytical reasoning and decision-confidence in the executive phase
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5  Experiment 2: Explainability, Reliability, 
and Critical Thinking

When AI outputs are consistently reliable, minimal recon-
structive explanations may foster critical thinking by 
supporting greater analytical reasoning and experienced 
decision-confidence in the executive phase of decision-
making compared to fully reconstructive explanations. 
However, their effectiveness may change under conditions 
of epistemic uncertainty, where the reliability of AI outputs 
is ambiguous and cannot be readily determined.

Under such conditions, we posit that minimal recon-
structive explanations may act as epistemic prompts, 
stimulating the activation of domain-relevant reasoning 
schemas to resolve uncertainty and fill inferential gaps, 
and thus fostering more effortful deliberation. By con-
trast, fully reconstructive explanations, by virtue of their 
completeness and coherence, may increase persuasive 
appeal and attenuate critical scrutiny (Danry et al., 2025), 
thereby serving a rhetorical rather than epistemic func-
tion, appearing meaningful while remaining indifferent to 
truth (Frankfurt, 2005).

Experiment 2 tests this premise by systematically exam-
ining whether the value of explanation completeness is 
contingent on variations in AI reliability. Specifically, we 
compare contexts of epistemic uncertainty with those of 
manifest unreliability, where errors are prominent and read-
ily identifiable.

5.1  Experiment 2: Research Hypotheses

5.1.1  AI Reliability and Critical Thinking Under Epistemic 
Uncertainty (H4-H5)

Reliability is the property of AI to consistently operate in 
a predictable, robust, and accurate manner under varying 
conditions, while adapting to new data and environments 
(Bansal et al., 2021). Maintaining such reliability is espe-
cially challenging as AI is probabilistic in nature, continu-
ously evolves and may, unpredictably, alter how it interprets 
information or generates recommendations, often without 
users’ awareness (Schuetz & Venkatesh, 2020). This adapt-
ability introduces epistemic uncertainty, that is, ambiguity 
or lack of certainty regarding the accuracy of AI outputs 
(Hudon et al., 2021; Jiang et al., 2022).

Epistemic uncertainty is often recognized as a catalyst 
for cognitive engagement, stimulating inquiry and reflec-
tive thought (Dewey, 1933; Muis et al., 2021). This effect is 
particularly evident in the way relative or dynamic changes 
in perceived certainty trigger changes in thinking processes 
from fast, intuitive heuristics to slower, more systematic and 
effortful reasoning (Christensen & Ball, 2018).

were associated with greater activation of neural correlates 
associated with independent, criteria-driven judgement com-
pared to fully reconstructive explanations (H1d), while the 
absence of AI support required the maximum cognitive effort 
and application of these analytical resources (H1c). Fur-
thermore, while it was posited that minimal reconstructive 
explanations would facilitate cognitive fluency, and thereby 
reduce decision times (H3b, not supported), the behavioral 
data instead point to a non-significant trend toward longer 
decision times. Rather than indicating inefficiency, this result 
may reflect a deeper engagement in analytical reasoning 
associated with systematic processing (Evans, 2008), con-
sistent with the demands of critical thinking.

With respect to executive-phase decision-confidence, 
minimal reconstructive explanations were associated with 
greater experienced confidence in judgement accuracy 
compared to either NAS or fully reconstructive explana-
tions (H2a). This was reflected in a concurrent increase and 
decrease in neural markers: increased neural activity associ-
ated with certainty, judgment consolidation, and confident 
engagement, and decreased cognitive effort spent to manage 
doubt and uncertainty in the decision process. Physiological 
data further reflect these differences, with arousal following 
a curvilinear pattern across conditions, reaching its lowest 
with minimal reconstructive explanations, suggesting lower 
anticipatory stress and greater decision-confidence (H2b, 
partially supported). In contrast, self-reported decision-con-
fidence increased most with fully reconstructive explana-
tions (H2c, partially supported). This dissociation suggests 
that minimal reconstructive explanations may better support 
the reasoning processes that ground experienced confidence 
in analytical rigor, rather than uncritical overconfidence, 
potentiated by fully reconstructive explanations.

No significant differences were found in selective reli-
ance between explanation conditions (H3c, not supported). 
This finding suggests that, despite observed differences 
in critical thinking and decision-confidence, explanations 
alone may not suffice to influence the selective uptake of 
consistently reliable AI recommendations.

Overall, these findings highlight the nuanced ways in 
which the level of completeness of reconstructive explana-
tions influences critical thinking and decision-confidence 
when AI aligns with deontological standards. However, these 
effects did not extend to observable changes in selective 
reliance, suggesting that explainability alone may be insuf-
ficient to ensure selective uptake of AI recommendations.

These findings thus raise the question: To what extent 
does AI reliability further support or constrain the effects 
of explainability on critical thinking? Experiment 2 extends 
this inquiry by examining the combined roles of vary-
ing levels of reconstructive explanation completeness and 
reliability.
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5.1.2  Appropriate Reliance (H6)

Reliance centers on epistemic certainty in the dependabil-
ity of an entity and plays an indefeasible role in guiding 
reasoning and action (Kleinig, 2016). As a condition for 
human agency, the possibility of acting together presup-
poses the capacity to appropriately rely on others’ inten-
tions and actions (Alonso, 2009). Within this framework, 
critical thinking provides the reflective cognitive mecha-
nisms for determining when appropriate reliance is war-
ranted, through reasoning and evidence-based evaluation 
(Kleinig, 2016).

In AI-assisted decision-making, under conditions of 
epistemic uncertainty, reliance is the process of engaging or 
disengaging with AI (Lee & See, 2004), reflecting the judg-
ment involved in determining when to defer to the system 
and when to retain control. In this context, achieving appro-
priate reliance reflects the normative behavior of endors-
ing correct AI-generated recommendations, while rejecting 
incorrect ones, and acting upon this discrimination (Schem-
mer et al., 2023). Rather than passive compliance, appro-
priate reliance reflects the culmination of critical thinking 
across the deliberative and executive phases, integrating 
attentional-semantic appraisal, analytical reasoning, and the 
inhibition of uncritical acceptance.

H6a. Appropriate reliance will be greater under epis-
temic uncertainty than under manifest unreliability, 
regardless of the level of explanation completeness.

H6b*. Appropriate reliance will vary depending on 
the level of explanation completeness, regardless of 
epistemic uncertainty or manifest unreliability.

H6c*. The influence of epistemic uncertainty versus 
manifest unreliability on appropriate reliance will vary 
depending on the level of explanation completeness.

5.1.3  Reflective Outcomes: Decision-Confidence and 
Calibrated Trust (H7-H8)

Critical thinking extends beyond decision execution to influ-
ence the reflective appraisal of one’s judgement (decision-
confidence) and the system that informed it (trust). Whereas 
post-decision-confidence captures perceived accuracy in 
one’s judgment, trust reflects the belief that an agent will 
help achieve one’s goal amid conditions of uncertainty and 
vulnerability (Lee & See, 2004, p.51).

Both decision-confidence and trust require calibration to 
reflect the level of warrantedness provided by available evi-
dence and the context in which they are placed, rather than 

Building on these insights, we posit that during the delib-
erative phase of AI-assisted decision-making, epistemic 
uncertainty compels greater sustained and selective atten-
tion, more extensive information processing, and increased 
semantic integration to identify subtle inconsistencies and 
resolve ambiguity. Thereby resulting in prolonged engage-
ment with the evidence and an intensified search for coher-
ence between new information and existing knowledge 
schemas. Conversely, under manifest unreliability, cogni-
tive effort is minimized as errors are apparent and require 
less deliberation.

H4a. Attentional-semantic processing will be greater 
under epistemic uncertainty than under manifest 
unreliability, regardless of the level of explanation 
completeness.

H4b*2.Attentional-semantic processing will vary 
depending on the level of explanation complete-
ness, regardless of epistemic uncertainty or manifest 
unreliability.

H4c*. The influence of epistemic uncertainty versus 
manifest unreliability on attentional-semantic pro-
cessing will vary depending on the level of explana-
tion completeness.

Furthermore, we expect that during the executive phase, 
residual uncertainty from the deliberative phase will elevate 
the need for analytical reasoning. Here, epistemic uncer-
tainty amplifies the processes required for judgment con-
solidation, including the deliberate weighing of alternatives, 
the rigorous evaluation of competing explanations, and the 
inhibition of premature or intuitive responses. Accordingly, 
we posit:

H5a. Analytical reasoning will be greater under epis-
temic uncertainty than under manifest unreliability, 
regardless of the level of explanation completeness.

H5b*. Analytical reasoning will vary depending on 
the level of explanation completeness, regardless of 
epistemic uncertainty or manifest unreliability.

H5c*. The influence of epistemic uncertainty ver-
sus manifest unreliability on analytical reasoning 
will vary depending on the level of explanation 
completeness.

2   Asterisked hypotheses are exploratory, investigating the main effect 
of explanation completeness and its interaction with reliability.
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30 min, including consent, setup, scenario, and task comple-
tion. All participants also completed Experiment 3 during 
the same session with a counterbalanced order (see Experi-
ment 3: Methodology). Participants received CAD100 com-
pensation for the complete session. Both experiments were 
conducted in the same laboratory under the same ethics 
approval certificate as Experiment 1. All participants pro-
vided written informed consent.

5.2.2  Experimental Task and Design

Participants completed a scenario-based Wizard-of-Oz 
recruitment task similar to Experiment 1, with two changes: 
(1) all candidate assessments (deliberative phase) were AI-
assisted, and (2) participants reviewed individual resumes 
rather than pairs and decided whether to select each candi-
date or not on the subsequent screen.

The experiment used a 2 × 2 mixed design. Explainabil-
ity (minimal vs. fully reconstructive) was the between-
subjects manipulation. Reliability (reliable vs. unreliable) 
was manipulated within subjects. Participants were ran-
domly assigned to explanation conditions and completed 
20 counterbalanced trials (see Table  2). Explainabil-
ity conditions were operationalized as in Experiment 1. 
Reliability was manipulated by varying the accuracy of 
AI-generated recommendations and scores (reliable vs. 
unreliable) (see Fig. 5).

To operationalize epistemic uncertainty and simulate 
real-world scenarios where AI outputs appear generally reli-
able, but individual output accuracy remains uncertain, par-
ticipants encountered mostly reliable trials (15 out of 20), 
interspersed with a smaller number of unreliable trials (5 
out of 20). Manifest unreliability was introduced at the trial 
level through outputs containing clear, identifiable errors. 
The task procedure was identical to Experiment 1.

5.2.3  Stimuli Design

Stimuli design followed Experiment 1, with, in this case, 20 
unique resumes in a standardized one-column format. As in 
Experiment 1, reliable AI recommendations and scores were 
generated using the Preference-Dependent Measure (Aksoy 
et al., 2011). In the unreliable condition, recommendations 
and scores were intentionally inaccurate, but explanations 

being blind or excessive (Cohen et al., 2022; Gefen et al., 
2008; Kleinig, 2016). Critical thinking supports this calibra-
tion by fostering systematic reasoning, evidence evaluation, 
and anticipation of potential outcomes (Marin & Copeland, 
2024), rather than the reflexive heuristic judgment, leading 
to a more accurate assessment of one’s judgment and the 
trustworthiness of AI-generated reasoning.

H7a. Decision-confidence will be better calibrated 
under epistemic uncertainty than under manifest 
unreliability, regardless of the level of explanation 
completeness.

H7b*. Calibrated decision-confidence will vary 
depending on the level of completeness of explana-
tion, regardless of epistemic uncertainty or manifest 
unreliability.

H7c*. The influence of epistemic uncertainty versus 
manifest unreliability on calibrated decision-confi-
dence will vary depending on the level of explanation 
completeness.

H8a. Trust will be better calibrated under epistemic 
uncertainty than under manifest unreliability, regard-
less of the level of explanation completeness.

H8b*. Calibrated trust will vary depending on the 
level of explanation completeness, regardless of epis-
temic uncertainty or manifest unreliability.

H8c*. The influence of epistemic uncertainty versus 
manifest unreliability on calibrated trust will depend 
on the level of explanation completeness.

5.2  Experiment 2: Methodology

5.2.1  Participants

We recruited 66 active HR professionals, all registered 
members of a recognized professional order (aged 22–58; 
M = 36 years, SD = 8.1; 73% female; with an average of 12 
years of experience). Experiment 2 lasted approximately 

Table 2  Experiment 2: Experimental conditions
Explainability Reliability

Reliable recommendations Unreliable recommendations
Minimal reconstructive explanations 15 trials 5 trials
Fully reconstructive explanations 15 trials 5 trials
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5.2.5  Procedure

After providing informed consent, participants reviewed 
the task scenario and were asked to verbally recall the three 
recruitment criteria to ensure comprehension. Upon task 
completion, participants completed a sociodemographic 
questionnaire. All experimental stimuli and questionnaires 
were administered using Qualtrics (Provo, UT, USA).

5.3  Experiment 2: Results

A 2 (Explainability: between-subjects; minimal vs. fully 
reconstructive) x 2 (Reliability: within-subjects; reliable vs. 
unreliable) mixed-design repeated measures ANOVA (Bon-
ferroni corrected) was conducted to test main and interaction 
effects on all dependent variables (see Table 3). Analyses 
used SPSS (v28) with significance levels set at p < 0.05.

No statistically significant interaction effects were observed 
between explanation completeness and AI reliability. No main 
effects of explanation completeness were found on attentional-
semantic processing (H4b-c), analytical reasoning (H5c), 
appropriate reliance (H6b-d), calibrated decision-confidence 
(H7b-c), or trust calibration (H8b-c). A marginally non-signifi-
cant main effect of explanation completeness was observed for 
analytical reasoning (H5b), with higher scores under minimal 
reconstructive explanations than fully reconstructive explana-
tions (F(1, 64) = 3.14, p = 0.081, partial η² = 0.047).

Conversely, we observed strong main effects of AI reli-
ability on all dependent variables. Attentional-semantic pro-
cessing, analytical reasoning, and appropriate reliance were 
significantly higher under epistemic uncertainty than under 
manifest unreliability, supporting H4a, H5a, and H6a (F(1, 
64) = 194.37, p < 0.001, partial η² = 0.75; F(1, 64) = 183.34, 
p < 0.001, partial η² = 0.74; F(1, 64) = 312.46, p < 0.001, par-
tial η² = 0.83), respectively. Decision-confidence was more 
calibrated under epistemic uncertainty (F(1, 64) = 152.08, 

remained factually correct and thus did not justify the inac-
curate outputs. All recommendations were counterbalanced 
across conditions.

5.2.4  Measures

Appropriate reliance was measured as the proportion of tri-
als in which participants’ final decisions aligned with accu-
rate AI recommendations or diverged from inaccurate ones 
(Wang & Yin, 2021). After each trial, self-reported decision-
confidence was measured using a single item from Inbar et 
al. (2011) and trust in the AI recommendation was assessed 
with a single item from Chen et al. (2020) (see Appendix, 
Table 6). For each participant, calibrated decision-confi-
dence and trust were indexed as the average absolute dif-
ference between confidence/trust ratings and appropriate 
reliance scores across trials and conditions, such that lower 
values reflected better-calibrated confidence and trust (Mer-
ritt et al., 2015).

Reading time and decision time were measured as in 
Experiment 1. To capture attentional-semantic processing, 
we computed an index by multiplying each participant’s 
average reading time by their appropriate reliance scores 
across trials and conditions, with higher values reflecting 
increased cognitive engagement and more accurate evidence 
appraisal. To capture analytical reasoning, we computed an 
index by multiplying each participant’s average decision 
time by their appropriate reliance scores, such that higher 
values reflected increased analytical reasoning in support of 
accurate judgment formation.

All self-report items were adapted to the task context, 
translated into French using independent double translation 
and back-translation, and pretested with a monolingual sam-
ple (see Appendix, Table 6). Three random attention checks 
were inserted throughout the 20 trials to ensure response 
validity (Shamon & Berning, 2020).

Fig. 5  Experiment 2: Experimen-
tal design
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decision-making. The increased systematic evaluation and 
accuracy of decision-making were further reflected in better-
calibrated decision-confidence, suggesting that the critical 
thinking processes activated across both phases support more 
accurate reflective appraisal of one’s judgment.

Conversely, trust calibration diverged from expectations, 
with more calibrated trust toward AI recommendations 
emerging under manifest unreliability than under epistemic 
uncertainty (contrary to H8a), potentially suggesting disen-
gagement from the system in the face of obvious errors, rather 
than the more effortful, reflective calibration process hypoth-
esized to occur under conditions of epistemic uncertainty.

Furthermore, although explanation completeness did 
not exert significant main or interaction effects, a marginal 
non-significant trend toward greater analytical reasoning 
under minimal reconstructive explanations (H5b; p = 0.081) 
echoes findings from Experiment 1, whereby such expla-
nations were associated with increased activation of neu-
ral correlates supporting independent judgment. This may 
suggest that minimal explanations, while not significantly 
influencing deliberative phase processes, may potentially 
continue to facilitate greater reflective engagement during 
the executive phase under epistemic uncertainty.

Overall, these findings suggest a reorientation of criti-
cal thinking, from the reasoning underlying AI-generated 
outputs to system-level appraisal, in response to variations 

p < 0.001, partial η² = 0.70), consistent with H7a. However, 
contrary to H8a, trust was better calibrated under manifest 
unreliability (F(1, 64) = 43.13, p < 0.001, partial η² = 0.403).

5.4  Experiment 2: Discussion

Experiment 2 investigated whether the influence of recon-
structive explanation completeness on stimulating critical 
thinking is contingent upon the reliability of AI outputs.

Our findings suggest that AI reliability was the domi-
nant driver of the cognitive processes underlying critical 
thinking and their reflective outcomes across all phases of 
decision-making, whereas the anticipated effects of expla-
nations were not statistically significant.

Specifically, a key distinction emerged in the contextual 
variation of AI reliability: compared to manifest unreliability, 
epistemic uncertainty was associated with greater attentional-
semantic processing, analytical reasoning, and appropriate 
reliance. These findings support the hypothesis that, when the 
reliability of AI-generated outputs cannot be readily deter-
mined, more sustained attention and semantic integration 
are required to resolve ambiguity and evaluate evidentiary 
coherence during the deliberative phase of decision-mak-
ing. This carries forward into judgment formation, which 
prompts more systematic evaluation and accurate weighing 
of alternatives during the executive phase in support of sound 

Table 3  Experiment 2: Effects of AI reliability and explainability on critical thinking across decision-making phases

Dependent Variables F-
η²

Means (SD)

Main effects: Reliability
-

processing
Epistemic uncertainty > 
Manifest unreliability

F(1, 64)=194.37*** 0.75 22.3(0.96) > 6.9(0.76)

Main effects: Reliability
Epistemic uncertainty > 
Manifest unreliability

F(1, 64) = 183.34*** 0.74 2.41(0.98) > 0.7(0.70)

Appropriate Reliance Epistemic uncertainty > 
Manifest unreliability

F(1, 64) = 312.46*** 0.83 0.80(0.15) > 0.24(0.23)

Main effects: Explainability
Minimal > Fully F(1, 64) = 3.14ns 0.047 1.66(0.82) > 1.45(0.82)

Post-decision
Main effects: Reliability
Calibrated 
decision-confidence1

Epistemic uncertainty <
Manifest unreliability

F(1, 64) = 152.08*** 0.70 3.51(0.58) < 4.06(0.65)

Calibrated trust in AI1 Manifest unreliability <
Epistemic uncertainty

F(1, 64) = 43.13*** 0.40 2.14(0.80) < 2.66(0.66)

Notes: n/s: Non-significant; *p < 0.05, **p < 0.01, ***p < 0.001; ns p = .081; Colors correspond to the coding schemes 
used throughout the manuscript. 1

n/s: Non-significant; *p < 0.05, **p < 0.01, ***p < 0.001; nsp = 0.081; Colors correspond to the coding schemes used throughout the manuscript. 
1For calibration measures, lower scores indicate better calibration
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decision-confidence and trust calibration (Kizilcec, 2016). 
Alternatively, transparency may further redirect critical think-
ing away from content-level reasoning toward system-level 
appraisals, diminishing the influence of reconstructive expla-
nations altogether.

By systematically manipulating explanation complete-
ness, reliability, and transparency, Experiment 3 directly tests 
these competing accounts and seeks to delineate the bound-
ary conditions under which explainability meaningfully 
supports critical thinking in AI-assisted decision-making.

Building on the findings of Experiment 2, we posit:

H9a-e. The influence of explanation completeness 
(minimal versus fully reconstructive) on (a) atten-
tional-semantic processing, (b) analytical reasoning, 
(c) appropriate reliance, (d) calibrated decision-confi-
dence, and (e) calibrated trust in AI will vary depend-
ing on whether a confidence score is present or absent.

H10a-e. The influence of epistemic uncertainty ver-
sus manifest uncertainty on (a) attentional-semantic 
processing, (b) analytical reasoning, (c) appropriate 
reliance, (d) calibrated decision-confidence, and (e) 
calibrated trust in AI will vary depending on whether 
a confidence score is present or absent.

H11a-e*3. The influence of explanation completeness 
on (a) attentional-semantic processing, (b) analyti-
cal reasoning, (c) appropriate reliance, (d) calibrated 
decision-confidence, and (e) calibrated trust in AI will 
vary depending on the combined effects of epistemic 
uncertainty or manifest unreliability and the presence 
or absence of a confidence score.

H12a-e: (a) Attentional-semantic processing, (b) ana-
lytical reasoning, (c) appropriate reliance, (d) cali-
brated decision-confidence, and (e) calibrated trust 
in AI will be greater in the presence of a confidence 
score than its absence, regardless of explanation com-
pleteness or reliability.

H13a-e: (a) Attentional-semantic processing, (b) ana-
lytical reasoning, (c) appropriate reliance, and (d) 
calibrated trust in AI scores will be greater while (e) 
calibrated decision-confidence scores will be lower 
under epistemic uncertainty than manifest uncer-
tainty, regardless of explanation completeness or 
transparency.

3   Asterisked hypotheses are exploratory, investigating the main 
and interaction effects of explanation completeness, reliability and 
transparency.

in AI reliability. Thus, under epistemic uncertainty, expla-
nations may no longer guide content-level engagement; 
instead, uncertainty itself serves as a cognitive prompt, 
eliciting increased scrutiny during evidence appraisal and a 
more deliberate evaluation of system reliability during the 
formation and execution of sound judgment, though mini-
mal reconstructive explanations may still modestly support 
analytical reasoning, irrespective of reliability. In such con-
texts, minimal reconstructive explanations alone may be 
insufficient to sustain critical thinking, suggesting that AI 
transparency may help by reducing uncertainty and restor-
ing the benefits of explainability.

This raises a further question: To what extent does AI trans-
parency sustain the effects of explainability on critical think-
ing when AI reliability is uncertain? Experiment 3 extends this 
inquiry by examining the combined roles of varying levels of 
reconstructive explanation, reliability, and transparency.

6  Experiment 3: Explainability, Reliability, 
Transparency, and Critical Thinking

Experiment 2 established that variations in AI reliability 
redirect critical thinking away from the reasoning under-
lying AI-generated outputs toward system-level appraisal, 
thereby constraining the influence of the level of complete-
ness of reconstructive explanations (minimal vs. fully) on 
critical thinking.

Experiment 3 extends this investigation by introducing 
AI transparency to test whether the provision of confidence 
scores can sustain or restore the value of reconstructive 
explanation completeness under conditions of epistemic 
uncertainty. To test this premise, Experiment 3 manipulated 
three factors: explainability (between-subjects: minimal vs. 
fully reconstructive), reliability (within-subjects: reliable 
vs. unreliable), and transparency (within-subjects: confi-
dence scores vs. no confidence scores).

6.1  Experiment 3: Research Hypotheses

Transparency involves making AI’s processes and inter-
nal mechanisms accessible and visible to the intended users 
(Doran et al., 2017). In this study, transparency is operational-
ized as the provision of probabilistic recommendation confi-
dence scores, offering explicit information about the system’s 
internal certainty for each output (Le et al., 2023). We posit 
that, in doing so, transparency may function as a metacogni-
tive cue, promoting deeper engagement with AI-generated 
reasoning (explanations) across cognitive domains. By sig-
naling internal coherence certainty, confidence scores may 
facilitate attentional-semantic processing (Eva & Regehr, 
2005), analytical reasoning (Eva & Regehr, 2005) and improve 
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6.2.4  Measures

All behavioral and self-report measures were identical to 
those used in Experiment 2. Three random attention checks 
were inserted throughout the 22 trials to ensure response 
validity (Shamon & Berning, 2020).

6.3  Experiment 3: Results

A 2 (Explanation: between-subjects; minimal vs. fully 
reconstructive) x 2 (Reliability: within-subjects; reliable vs. 
unreliable) x 2 (Transparency: within-subjects; confidence 
scores vs. no-confidence scores) mixed-design repeated 
measures ANOVA (Bonferroni corrected) was conducted to 
test main and interaction effects on all dependent variables. 
Analyses used SPSS (v28) with a significance level set at 
p < 0.05.

No statistically significant interaction effects were 
observed between explanation completeness and transpar-
ency, nor between explanation completeness, AI reliability, 
and transparency, on any of the dependent variables, provid-
ing no support for H9a-e or H11a-e.

Significant interaction effects between AI reliability and 
transparency were observed for appropriate reliance and cal-
ibrated decision-confidence. Appropriate reliance was higher 
under epistemic uncertainty than manifest unreliability, with 
this difference being greater when confidence scores were 
present (F(1, 64) = 17.27, p < 0.001, partial η² = 0.21), sup-
porting H10c. Conversely, decision-confidence was better 
calibrated under epistemic uncertainty than manifest unre-
liability, and this difference was greater when confidence 
scores were absent (F(1, 64) = 9.38, p = 0.003, partial η² = 
0.13), supporting H10d. Furthermore, analytical reasoning 
was marginally significantly greater under epistemic uncer-
tainty than manifest unreliability, with this difference being 
greater when confidence scores were absent (F(1, 64) = 3.54, 
p = 0.064, partial η² = 0.052) (H10b, not supported). No sig-
nificant interaction effects were observed for attentional-
semantic processing (H10a) or calibrated trust (H10e).

A marginally non-significant main effect of transpar-
ency was observed for decision-confidence, with slightly 

6.2  Experiment 3: Methodology

6.2.1  Participants

The same 66 h professionals from Experiment 2 completed 
Experiment 3 during the same session, after a 15-minute 
break between the two. Experiment order was counterbal-
anced across participants with half (N = 33) completing 
Experiment 2 first and half (N = 33) completing Experiment 
3 first. The approximately 30-minute study included con-
sent, setup, scenario reading, and task completion. The ses-
sion concluded with sociodemographic questionnaires.

6.2.2  Experimental Task and Design

Following Experiment 2, participants completed a scenario-
based Wizard-of-Oz (Riek, 2012) AI-assisted recruitment 
task, this time pre-selecting Web Project Manager candi-
dates, according to three revised criteria: project manage-
ment skillsets, experience, and education.

The experiment used a 2 × 2 × 2 repeated-measures mixed 
design. Explainability (minimal vs. fully reconstructive) was 
the between-subjects manipulation. Reliability (reliable vs. 
unreliable) and transparency (confidence scores vs. no confi-
dence scores) were manipulated within subjects. Participants 
were randomly assigned to one of the explainability condi-
tions and completed 22 counterbalanced trials (see Table 4). 
Explainability and reliability conditions were operational-
ized as in previous experiments. Transparency was manip-
ulated by including or excluding model confidence scores. 
The task procedure was identical to Experiment 2.

6.2.3  Stimuli Design

Stimuli design was otherwise identical to Experiment 2, with 
22 unique resumes. In transparent conditions, the model 
confidence score was always set above 50%, since values 
below chance would signal that the AI’s recommendation 
was likely incorrect and would not provide a meaningful 
reference point for participants (see Fig. 6). All recommen-
dations were counterbalanced across conditions.

Table 4  Experiment 3: Experimental conditions
Expainabilityl Reliability Transparency

With model confidence score Without model confidence score
MRE Reliable recommendation 8 trials 8 trials

Unreliable recommendation 3 trials 3 trials
FRE Reliable recommendation 8 trials 8 trials

Unreliable recommendation 3 trials 3 trials
MRE: Minimal reconstructive explanations; FRE: Fully reconstructive explanations
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continued to be associated with greater attentional-semantic 
processing, analytical reasoning, appropriate reliance, and 
better-calibrated decision-confidence. Moreover, manifest 
unreliability was associated, as anticipated, with more cali-
brated trust in AI, further supporting the observed effects in 
Experiment 2.

Furthermore, whereas transparency did not exert any 
significant main effects, a marginal non-significant trend 
was observed toward better-calibrated decision-confidence 
(H12d; p = 0.065, partial η² = 0.05), suggesting that trans-
parency may improve judgment appraisal.

Building on these main effects, we identified important 
nuances in how transparency and reliability interact. Under 
epistemic uncertainty, showing model confidence scores 
led to a modest trend toward reduced analytical reasoning 
(H10b; p = 0.064, partial η² = 0.052), but greater appro-
priate reliance on AI recommendations (H10c, supported). 
This may suggest that making AI’s internal confidence 
explicit serves as a heuristic cue that facilitates appropriate 
reliance rather than prompting more critical engagement 
with uncertain recommendations. Supporting this pattern, 
model confidence scores reduced the calibration benefits 
seen under epistemic uncertainty, suggesting that transpar-
ency may interfere with the systematic self-evaluation pro-
cesses that enhance calibration under uncertainty.

In sum, findings from Experiment 3 do not support the 
assumption that transparency can restore the influence of min-
imal reconstructive explanations on critical thinking when AI 
reliability varies. Instead, epistemic uncertainty remained the 
dominant driver of critical thinking, with transparency show-
ing only selective, context-dependent effects. Thus, in this 
context, transparency appears to serve as a situational heuris-
tic cue, rather than a consistent enabler of the positive effect 
of minimal reconstructive explanations on critical thinking.

better-calibrated confidence when confidence scores were 
present (F(1, 64) = 3.52, p = 0.065, partial η² = 0.05) (H12d, 
not supported). No significant main effects of transparency 
were found for attentional-semantic processing (H12a), 
analytical reasoning (H12b), appropriate reliance (H12c), 
or calibrated trust (H12e).

Strong main effects of AI reliability were observed across 
all dependent variables. Attentional-semantic processing, 
analytical reasoning, appropriate reliance and calibrated 
trust scores were all significantly higher under epistemic 
uncertainty than under manifest unreliability, supporting 
H13a-d (F(1, 64) = 234.73, p < 0.001, partial η² = 0.79; F(1, 
64) = 233.95, p < 0.001, partial η² = 0.79; F(1, 64) = 1055.61, 
p < 0.001, partial η² = 0.94; F(1, 64) = 39.48, p < 0.001, par-
tial η² = 0.38, respectively). Furthermore, and supporting 
H13e, calibrated decision-confidence scores were lower 
under epistemic uncertainty (F(1, 64) = 249.92, p < 0.001, 
partial η² = 0.80) (Table 5).

6.4  Experiment 3: Discussion

Experiment 3 explored whether transparency might restore 
the influence of explanation completeness on critical think-
ing and related outcomes, particularly in the face of varying 
AI reliability.

Contrary to our initial theorization, our findings suggest 
that the addition of model confidence scores (i.e., transpar-
ency) did not restore or increase the influence of reconstruc-
tive explanations across attentional-semantic processing, 
analytical reasoning, appropriate reliance, calibrated deci-
sion-confidence, and trust in AI.

Instead, and consistent with Experiment 2, AI reliability 
remained the dominant driver of critical thinking, shaping its 
cognitive and behavioral outcomes. Epistemic uncertainty 

Fig. 6  Experiment 3: Experimen-
tal Design
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thereby compromising the responsibility and accountability 
required by deontological codes to protect the interests of 
those they serve (Okasha, 1999; Westerholm, 2009).

To better understand these challenges, we investigated 
how embedding into AI system-level properties of explain-
ability, reliability, and transparency may foster critical 
thinking in AI-assisted professional contexts. Drawing on 

7  General Discussion

This research was motivated by a central concern in con-
temporary professional practices: that the distinct nature AI 
- its autonomy, learning, and inherent inscrutability – may 
erode the cognitive conditions necessary for professionals 
to engage in active critical thinking and informed judgment, 

Table 5  Experiment 3: Effects of AI reliability & transparency on critical thinking across decision-making phases

Dependent variables F-
η²

Means (SD)

Main effects: Reliability
-

Processing
Epistemic uncertainty > 
Manifest unreliability

F(1, 64) =234.73*** 0.79 24.05(1.22) > 4.86(0.88)

Main effects: Reliability
Epistemic uncertainty > 
Manifest unreliability

F(1, 64) = 233.95*** 0.79 2.58(0.10) > 0.48(0.10)

Appropriate reliance Epistemic uncertainty > 
Manifest unreliability

F(1, 64) = 1055.61*** 0.94 0.87(0.01) > 0.13(0.02)

effects: Reliability x Transparency
Epistemic uncertainty > 
Manifest unreliability, 
without model 
confidence scores

F(1, 64) = 3.54 ns1 0.052 With model confidence 
scores: 

2.52(0.17) > 0.64(0.21)
Without: 

2.65(0.09) > 0.33(0.06)
Appropriate reliance Epistemic uncertainty > 

Manifest unreliability, 
greater with model 
confidence scores

F(1, 64) = 17.27*** 0.21 With model confidence 
scores: 

0.93(0.01) > 0.11(0.02)
Without: 

0.81(0.01) > 0.16(0.03)
Post-decision
Main effects: Reliability
Calibrated 
decision-confidence1

Epistemic uncertainty <
Manifest unreliability

F(1, 64) = 249.92*** 0.80 3.53(0.05) < 4.21(0.06)

Calibrated trust in AI1 Manifest unreliability <
Epistemic uncertainty

F(1, 64) = 39.48*** 0.38 2.18(0.08) < 2.75(0.07)

Main effects: Transparency
Calibrated decision-
confidence1

Model confidence 
scores < without model 
confidence scores

F(1, 64) = 3.52 ns2 0.05 3.84(0.06) < 3.90(0.06)

s: Reliability x Transparency
Calibrated 
decision-confidence1

Epistemic uncertainty <
Manifest unreliability

without model 
confidence scores 

(F(1, 64) = 9.38** 0.13 With model confidence 
scores: 

3.53(0.05) < 4.13(0.07)
Without: 

3.51(0.05) < 4.28(0.07)
Notes: n/s: Non-significant; *p < 0.05, **p < 0.01, ***p < 0.001; ns p = .081; ns1 p = .064; ns2 p = .065 ; Colors correspond 
to the coding schemes used throughout the manuscript.1

. 
n/s: Non-significant; *p < 0.05, **p < 0.01, ***p < 0.001; nsp = 0.081; ns1p = 0.064; ns2p = 0.065; Colors correspond to the coding schemes used 
throughout the manuscript.1 For calibration measures, lower scores indicate better calibration.
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support for this conjecture. Epistemic uncertainty, rather 
than transparency, remained the dominant driver shaping 
cognitive, behavioral, and reflective outcomes. Compared 
to conditions without transparency, AI model confidence 
scores alone did not significantly increase proxies of criti-
cal thinking and its related outcomes. Furthermore, under 
epistemic uncertainty, AI model confidence scores showed 
mixed effects: reducing analytical reasoning and decision-
confidence calibration but improving appropriate reliance, 
suggesting they serve as heuristic cues that disrupt criti-
cal engagement while facilitating reliance decisions under 
uncertain conditions, eventually failing to restore the earlier 
benefits of explanation completeness.

7.2  Emerging Metacognitive Process of Critical 
Thinking in AI-Assisted Professional Decision-
Making

Together, these findings point to an emergent metacog-
nitive process wherein critical thinking is not uniformly 
influenced by AI explainability but rather shaped by the 
interaction between AI properties and cognitive orientation 
toward uncertainty, unfolding dynamically across decision-
making phases.

In the deliberative phase, engagement with AI outputs 
involves allocating sustained and selective attention and the 
evaluation of semantic coherence relative to internal judg-
ment schemas. When epistemic uncertainty is low and AI 
performance is stable, minimal reconstructive explanations 
facilitate efficient predictive encoding. By providing skel-
etal causal frameworks, they enable the activation of inter-
nal schemas with less interpretative effort, thus supporting 
semantic integration while maintaining evaluative control. 
Fully reconstructive explanations, by contrast, present com-
plete causal reasoning that may preempt the need for seman-
tic alignment, thereby displacing active cognitive effort. 
Under epistemic uncertainty, however, these observed pat-
terns are reoriented. Uncertainty acts as a metacognitive 
prompt, increasing attentional and semantic processing 
regardless of the level of causal reconstructive explana-
tions. Cognitive effort is redirected from content-level rea-
soning to system-level scrutiny, prompting more deliberate 
appraisal of AI reliability.

In the executive phase, analytical reasoning and con-
flict monitoring support judgment consolidation and 
decision-confidence. When epistemic uncertainty is low, 
minimal reconstructive explanations again foster greater 
analytical effort and experienced decision-confidence. 
Conversely, under epistemic uncertainty, analytical rea-
soning increases broadly, driven not by causal recon-
structive explanations, but by the cognitive demands of 
resolving ambiguity in AI outputs.

cognitive neuroscience, explanation-based reasoning, and 
heuristic-systematic theories, we conducted three multi-
method experiments to clarify how these properties, individ-
ually or in combination, influence the neurophysiological, 
cognitive, and behavioral mechanisms underlying sound 
judgment. Our findings provide a nuanced understanding 
of how professionals engage with AI and help delineate the 
conditions under which these properties can facilitate criti-
cal engagement (see Appendix, Table 7 for a comprehensive 
summary of hypothesis testing results).

7.1  Minimal Reconstructive Explanations Foster 
Reasoning but only Under Reliable AI

Experiment 1 established a baseline under conditions of 
consistently reliable AI. In this setting, we examined how 
two levels of reconstructive causal explanations - explana-
tions that narratively reconstruct the reasoning underlying 
AI-generated recommendations as post-hoc, non-mechanis-
tic user-level rationales - influence the neural dynamics and 
behavioral outcomes of critical thinking, compared with no 
AI support. Both minimal and reconstructive explanations 
reduced neural markers of sustained, selective attention 
and semantic information processing integration, suggest-
ing that any form of AI-causal reconstructive narrative may 
substitute for internal evidence appraisal, compared to mak-
ing decisions independently. However, minimal reconstruc-
tive explanations increased neural correlates of analytical 
reasoning and physiological markers of experienced deci-
sion-confidence. In contrast, fully reconstructive explana-
tions inflated self-reported decision-confidence despite 
reduced cognitive effort. This asymmetry suggests that min-
imal reconstructive explanations may support confidence 
grounded in analytical rigor, whereas fully reconstructive 
explanations risk fostering unwarranted decision-confi-
dence decoupled from reasoning.

Experiment 2 introduced variable AI reliability to test the 
boundary conditions of these observed effects. Under these 
conditions, however, these effects were no longer statisti-
cally significant. Instead, epistemic uncertainty emerged as 
the primary driver of critical thinking. Compared to manifest 
unreliability, epistemic uncertainty prompted greater atten-
tional and semantic processing, analytical reasoning, more 
appropriate reliance on AI, and better-calibrated decision-
confidence. These findings point to a reorientation from 
explanation-level engagement to system-level appraisal, 
with uncertainty serving as a cognitive prompt for greater 
deliberative evaluative reasoning.

Experiment 3 thus introduced AI transparency, through 
instance-based AI confidence scores, as a potential mecha-
nism to reinstate the influence of explanation complete-
ness on critical thinking. However, we found minimal 
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We argue that this reorientation, from engaging with 
explanation content to appraising the system, when other-
wise accurate explanations no longer offer a reliable basis for 
justification due to unreliable outputs, may reflect an effort 
to preserve control to remain answerable and uphold nor-
mative obligations (Pisani & Haw, 2023). Epistemic uncer-
tainty and manifest unreliability may serve as cognitive 
safeguards, prompting renewed vigilance and a reflective 
stance, conditions necessary for safeguarding responsibility 
and accountability (Arendt, 1971; Facione, 1990). In both 
cases, critical thinking reasserts itself not despite AI fallibil-
ity, but because of it.

7.4  Implications for Research

This work contributes to AI explainability research by 
empirically distinguishing between the implicit and explicit 
cognitive responses elicited by different levels of causal 
reconstructive explanations during professional decision-
making under varying AI reliability. Under high-reliability 
conditions, minimal reconstructive explanations support 
analytical reasoning and decision-confidence, without dis-
placing cognitive evaluative effort. These results suggest 
that, under favorable epistemic conditions, minimal expla-
nations scaffold coherent interpretation while preserving 
critical thinking. Under uncertainty, however, the benefits 
of explainability diminish and engagement shifts to system-
level evaluation, with ambiguity itself acting as a metacog-
nitive prompt (Alter et al., 2007). This pattern aligns with 
emerging perspectives that frame explainability not as a tool 
for clarity, but as a mechanism for supporting metacognitive 
control and adaptive reliance (Danry et al., 2025; Morrison 
et al., 2023).

We further contribute to the growing body of knowledge 
on XAI in information systems by documenting the circum-
stances under which the presentation of model confidence 
scores (i.e., AI transparency) in AI-assisted decision-making 
shapes appropriate reliance. Prior work has shown that pre-
senting post-hoc calibrated model uncertainty in frequency 
format can help users better calibrate their reliance on AI 
compared to probability-based presentation, especially in 
high-stakes contexts (Cao et al., 2024). Complementing 
this, our findings with non-calibrated model confidence 
scores suggest a more nuanced picture: under epistemic 
uncertainty, such scores may facilitate appropriate reli-
ance decisions, yet appear to function as heuristic cues that 
prompt users to bypass critical evaluation of choice-relevant 
information and support less context-sensitive decision-
confidence calibration.

Together, these findings add to recent work that chal-
lenges the assumption that the most accurate - or more fully 
explainable and transparent - AI necessarily best supports 

Together, these phases support informed judgment, and 
with it, appropriate reliance on AI outputs, grounded in 
reflective evaluation. Crucially, such reliance is not driven 
by the nature of reconstructive causal explanations but 
rather arises through active engagement with epistemic 
uncertainty, whereby transparency may serve as a heuristic 
cue that bypasses rather than aids in assessing AI reliability.

Reflective appraisal is similarly conditional. Under con-
sistent reliability, fully reconstructive explanations inflate 
self-reported confidence despite reduced cognitive effort, 
suggesting an illusion of warranted judgment. Epistemic 
uncertainty, however, enhances decision-confidence cali-
bration by activating critical thinking processes that sup-
port more accurate reflective appraisal of one’s judgment. 
Moreover, trust in AI outputs becomes more discerning 
under manifest unreliability, as epistemic authority is 
reoriented from AI outputs toward autonomous evaluative 
processes.

7.3  Critical Thinking as Epistemic Safeguard in AI-
Assisted Professional Contexts

In deontologically-governed professions, responsibility 
involves acting in accordance with established duties and 
standards of care, bearing credit or blame for the outcomes 
of one’s actions, while accountability entails justifying and 
explaining decisions to oversight bodies and those affected 
(Bivins, 2006; Frankel, 1989). These normative obligations 
rest on the capacity for deliberate, reflective, and critical 
thinking (Arendt, 1971; Mauti, 2024), even when assisted 
by increasingly autonomous and inscrutable technologies.

Within this context, our findings suggest that explain-
ability, reliability, and transparency do not uniformly foster 
critical thinking. Rather, their influence is conditional on the 
broader epistemic context in which they are encountered.

Under conditions of consistent AI reliability, minimal 
reconstructive explanations can support these normative 
demands. By scaffolding, rather than substituting internal 
reasoning, such explanations help retain control over judg-
ment and align confidence with analytical effort (Lombrozo, 
2011; Wick & Thompson, 1992). This support, however, 
erodes when reliability becomes variable. In contexts of 
epistemic uncertainty, the level of completeness of recon-
structive causal explanation loses salience, and critical 
appraisal shifts toward the system itself, prompted by ambi-
guity (Chaiken & Ledgerwood, 2012).

Transparency, in turn, offers limited reinforcement. 
Under epistemic uncertainty, model confidence scores dis-
rupt the decision-confidence calibration process and do not 
restore the benefits of minimal reconstructive explanations, 
suggesting that transparency may act more as a situational 
heuristic cue than a standalone support for critical thinking.
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Furthermore, our results point toward a new set of design 
principles, in which ambiguity is intentionally surfaced as a 
means to foster user vigilance and discretionary judgment, 
rather than a flaw to be eliminated. Rather than over-opti-
mizing to obscure unreliability, design might leverage the 
inherent uncertainty expressed through visual uncertainty 
bands or hedging language that signals when extra scrutiny 
is warranted (Ferson et al., 2015; Kay et al., 2016). However, 
our findings suggest caution with model confidence scores, 
which may operate as heuristic cues that reduce, rather than 
stimulate, critical engagement. User interfaces might also 
integrate reflective prompts that encourage users to validate 
AI-generated output and pause before taking action (Karran 
et al., 2024; Malaguti et al., 2025).

While our findings do not directly address in situ AI lit-
eracy interventions, they nevertheless point to opportunities 
for supporting critical thinking capacities needed to assess 
the validity of AI-generated reasoning. For example, inter-
faces could integrate in situ AI literacy interventions, such 
as logic-based mini-challenges, step-by-step breakdowns of 
inference chains, or interactive prompts to challenge unsup-
ported conclusions, directly into the workflow (Danry et al., 
2025; Panciroli et al., 2023).

7.6  Implications for Early-Career Professional 
Training

Across our experiments, participants were experienced 
professionals, averaging approximately twelve years of 
practice, whose critical thinking with AI likely drew on 
well-established schematic knowledge and domain-specific 
expertise (Chi et al., 2014). By contrast, however, early-
career professionals, whose cognitive schemata and profes-
sional judgment are still developing, may engage with AI 
differently, raising an important concern about how these 
individuals will acquire the required domain knowledge and 
evaluative skills needed to engage critically with AI as it 
becomes increasingly embedded in professional practice. 
In line with empirical evidence that structured AI-assisted 
practice enables novices to develop expert-like patterns of 
critical engagement and calibrated reliance in high-account-
ability contexts (Kawakami et al., 2023) our findings point 
to the value of developing AI-assisted decision-making 
training environments that deliberately alternate between 
reliable AI providing minimal reconstructive explanations 
and variable AI reliability. Such training environments can 
reinforce analytical reasoning and the associative links that 
underlie schematic learning, while fostering metacognitive 
monitoring, and sustaining the cognitive effort required for 
schematic knowledge development and reflective judgment 
(Chi et al., 2014; Ericsson, 2004).

human decision-making (Bansal et al., 2021; Karran et al., 
2024). Specifically, we show that epistemic uncertainty 
and manifest unreliability serve not only as risk signals but 
also as cognitive prompts that elicit critical thinking. While 
model transparency (e.g., instance-based confidence scores) 
can support appropriate reliance when interacting with 
uncertainty, it is ultimately the variability in AI performance 
that more consistently drives critical engagement.

More broadly, this research enhances understanding 
of how critical thinking emerges from the interaction of 
higher-order cognitive processes — including sustained 
attention, semantic integration, and analytical reasoning— 
coordinated across deliberative and executive decision 
phases. Building on existing cognitive neuroscience, we 
develop a novel theoretical account of critical thinking as a 
dynamically regulated process, supported by distinct neural 
mechanisms. Our findings suggest that neural correlates, as 
measured through EEG markers such as changes in brain-
wave frequency and amplitude, reflect cognitive engage-
ment associated with components of critical thinking and 
offer reliable, phase-specific indicators of such reflective 
engagement during AI-assisted decision tasks.

Additionally, this work supports the human-centered 
explainable AI (HC-XAI) research agenda by examin-
ing practicing experienced and certified HR profession-
als, addressing calls for empirical research that assesses 
stakeholder-specific needs with explanatory AI systems in 
applied decision-making contexts (Casalino et al., 2025). 
Our multi-method approach, combining neurophysiologi-
cal, behavioral, and self-report measures, strengthens eval-
uation frameworks for HC-XAI by demonstrating how 
different explanation types influence cognitive processes 
across decision-making phases. These findings inform the 
development of effective explanation mechanisms that con-
sider not only technical accuracy but also the cognitive and 
ethical requirements of deontologically-governed profes-
sional contexts.

7.5  Implications for Design and Practice

Our findings carry important implications for human-cen-
tered AI (HCAI) interaction design, whereby designers 
may wish to consider integrating explainability not only to 
support comprehension but also to facilitate self-directed, 
context-sensitive reasoning. In professional settings where 
decisions must be justified to others, user interfaces should 
go beyond delivering detailed, ready-made causal explana-
tions. Instead, designers might implement layered, minimal 
explanations that prompt users to reconstruct the causal rea-
soning behind AI-generated outputs, encouraging critical 
evaluation on their own terms.
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Appendix

A related consideration concerns the extent to which our 
findings engage cognitive mechanisms that may similarly 
arise when professionals evaluate human-generated recom-
mendations. However, unlike human advisors who operate 
within shared social norms, transparent forms of expertise, 
and accountable agency, the distinctive nature of AI is asso-
ciated with different patterns of confidence, trust, and reli-
ance compared to human advice even when the informational 
content is matched (Alon-Barkat & Busuioc, 2023; Logg et 
al., 2019; You et al., 2022). This distinction was also evident 
in Experiment 1, where the no-AI-support condition elicited 
measurably different cognitive and neural engagement than 
AI-assisted conditions. Moreover, the cognitive processes 
uncovered in this work unfolded in an explicitly AI-assisted 
decision-making context, with participants evaluating out-
puts identified as AI-generated, consistent with prior experi-
mental paradigms (Efendić et al., 2024; Logg et al., 2019; 
Sachin & Schecter, 2024). Future research may extend this 
work by comparing human-human and human-AI-assisted 
decision-making under equivalent tasks and conditions.

9  Conclusion

This research examined how AI explainability, reliability, 
and transparency influence critical thinking in deontological 
professional contexts. Through three experimental studies 
involving practicing HR professionals, we demonstrate that 
minimal reconstructive causal explanations enhance ana-
lytical reasoning and decision-confidence, provided that AI 
reliability remains consistent. When reliability is uncertain, 
epistemic uncertainty drives critical engagement. We fur-
ther illuminate an emergent metacognitive process, suggest-
ing that critical thinking is a context-sensitive phenomenon 
unfolding across decision-making phases, as attention, rea-
soning, and judgment interact synergistically in response to 
these embedded AI properties. These insights advance our 
understanding of HCAI in complex professional decision-
making and provide actionable guidance for designing more 
human-centered AI.

8  Limitations and Future Research

Notwithstanding its contributions, we would like to 
acknowledge that the research presented in this manu-
script has several limitations that can be addressed in 
future research. First, the use of the Wizard-of-Oz meth-
odology in controlled experimental settings may not 
fully reflect the complexity of real-world interactions 
with AI. Future research should examine these dynam-
ics in more naturalistic environments, where profession-
als engage with functioning AI systems embedded within 
their actual workflows. Second, we conducted multiple 
experiments to bolster our findings and address threats 
to generalizability. However, the relatively small sample 
size in Experiment 1 reduces the positive impact of the 
observed results. Nonetheless, this sample aligns with 
prior research and provides adequate power to support the 
tentative conclusions presented (Boucsein, 1999; Bouc-
sein & Thum, 1997; Riedl et al., 2020). Third, the con-
secutive administration of Experiments 2 and 3 may have 
introduced fatigue effects despite counterbalancing and a 
15-minute break. Fourth, individual characteristics, such 
as prior experience with AI, were not captured and might 
have influenced how professionals engage with AI expla-
nations and reliability cues.

Our findings may not fully generalize across all domains, 
despite deontologically-governed professions sharing com-
mon standards. The underlying cognitive mechanisms of 
critical thinking may prove transferable, but the specific 
conditions that trigger epistemic uncertainty or the effec-
tiveness of minimal reconstructive explanations may vary. 
Different professional contexts involve different types of 
judgments, decision stakes, and forms of evidence, which 
may influence how practitioners engage with AI properties. 
Additionally, as the study was conducted in North America, 
cultural or institutional differences may also affect how pro-
fessionals in other contexts engage with AI. Future research 
should explore how domain- and context-specific factors 
shape the relationship between explainability, reliability, 
transparency, and critical thinking.

Table 6  Measurement items of self-report scales
Variable Items References
Trust in AI How much do you trust the recommendation of the intelligent agent? (Chen et al., 2020)
Decision-Confidence How confident are you that you made the right decision? (Inbar et al., 2011)
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Hypothesis Description Tested in Supported
H1a NAS will elicit greater deliberative-phase neural activity (attention, information, and seman-

tic processing) than either MRE or FRE.
Experiment 1 Yes

H1b MRE will elicit greater deliberative-phase neural activity (attention, information, and seman-
tic processing) than FRE

Experiment 1 No

H1c NAS will elicit greater executive-phase neural activity (analytical reasoning) than either 
MRE or FRE

Experiment 1 Yes

H1d MRE will elicit greater executive-phase neural activity (analytical reasoning) than FRE. Experiment 1 Yes
H2a MRE will elicit greater executive-phase neural correlates of decision-confidence than FRE or 

NAS.
Experiment 1 Partially

H2b MRE will elicit greater executive-phase physiological correlates of decision-confidence than 
either FRE or NAS.

Experiment 1 Partially

H2c Post-decision, MRE will result in greater self-reported decision-confidence than either FRE 
or NAS.

Experiment 1 Partially

H3a MRE will elicit reduced predictive encoding activity (shorter reading time) during the delib-
erative phase than FRE, but longer than NAS.

Experiment 1 Yes

H3b MRE will elicit greater cognitive fluency (shorter decision times) during the executive phase 
than FRE, but less than NAS.

Experiment 1 No

H3c MRE will result in greater selective AI reliance than FRE Experiment 1 No
H4a Attentional-semantic processing will be greater under epistemic uncertainty than under mani-

fest unreliability, regardless of the level of explanation completeness.
Experiment 2 Yes

H4b* Attentional-semantic processing will vary depending on the level of explanation complete-
ness, regardless of epistemic uncertainty or manifest unreliability.

Experiment 2 No

H4c* The influence of epistemic uncertainty versus manifest unreliability on attentional-semantic 
processing will vary depending on the level of explanation completeness.

Experiment 2 No

H5a Analytical reasoning will be greater under epistemic uncertainty than under manifest unreli-
ability, regardless of the level of explanation completeness.

Experiment 2 Yes

H5b* Analytical reasoning will vary depending on the level of explanation completeness, regard-
less of epistemic uncertainty or manifest unreliability.

Experiment 2 No

H5c* The influence of epistemic uncertainty versus manifest unreliability on analytical reasoning 
will vary depending on the level of explanation completeness.

Experiment 2 No

H6a Appropriate reliance will be greater under epistemic uncertainty than under manifest unreli-
ability, regardless of the level of explanation completeness.

Experiment 2 Yes

H6b* Appropriate reliance will vary depending on the level of explanation completeness, regard-
less of epistemic uncertainty or manifest unreliability.

Experiment 2 No

H6c* The influence of epistemic uncertainty versus manifest unreliability on appropriate reliance 
will vary depending on the level of explanation completeness.

Experiment 2 No

H7a Decision-confidence will be better calibrated under epistemic uncertainty than under mani-
fest unreliability, regardless of the level of explanation completeness.

Experiment 2 Yes

H7b* Calibrated decision-confidence will vary depending on the level of completeness of explana-
tion, regardless of epistemic uncertainty or manifest unreliability

Experiment 2 No

H7c* The influence of epistemic uncertainty versus manifest unreliability on calibrated decision-
confidence will vary depending on the level of explanation completeness.

Experiment 2 No

H8a Trust will be better calibrated under epistemic uncertainty than under manifest unreliability, 
regardless of the level of explanation completeness.

Experiment 2 Inverted

H8b* Calibrated trust will vary depending on the level of explanation completeness, regardless of 
epistemic uncertainty or manifest unreliability.

Experiment 2 No

H8c* The influence of epistemic uncertainty versus manifest unreliability on calibrated trust will 
depend on the level of explanation completeness.

Experiment 2 No

H9a-e The influence of explanation completeness (minimal versus fully reconstructive) on (a) 
attentional-semantic processing, (b) analytical reasoning, (c) appropriate reliance, (d) cali-
brated decision-confidence, and (e) calibrated trust in AI will vary depending on whether a 
confidence score is present or absent.

Experiment 3 No

H10a The influence of epistemic uncertainty versus manifest uncertainty on attentional-semantic 
processing will vary depending on whether a confidence score is present or absent.

Experiment 3 No

H10b The influence of epistemic uncertainty versus manifest uncertainty on analytical reasoning 
will vary depending on whether a confidence score is present or absent.

Experiment 3 No

Table 7  Summary of hypotheses tests
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