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Abstract: The increasing reliance on generative artificial intelligence (Al) in education is reshaping how learners’ access, evaluate,
and internalize knowledge. While Al tools enhance accessibility, they also introduce cognitive risks by encouraging learners to
bypass critical thinking. This paper introduces Algorithmic Authority Bias (AAB), a conceptual framework that explains how
learners assign unwarranted epistemic authority to Al-generated responses on the basis of their fluency, immediacy, and coherence
rather than their accuracy or underlying expertise. Building on established theories of authority bias, automation bias, and fluency-
based judgment, and integrating recent empirical work on metacognitive laziness, cognitive offloading, and the illusion of
explanatory depth in Al-assisted learning, the paper foregrounds the role of cognitive offloading, whereby learners delegate
cognitive tasks to Al systems, reducing their active engagement and metacognitive awareness. This over-reliance can produce
“synthetic mastery” — a false sense of understanding in which learners accept plausible-sounding answers without engaging in
conceptual reasoning. By developing a model that links specific Al features to cognitive mechanisms, the paper articulates a set of
testable propositions describing how fluency, perceived authority, and offloading jointly contribute to the acceptance of responses
that appear correct yet lack conceptual depth. It then considers implications for instructional design, Al system development, and
assessment strategies, and outlines directions for empirical research that build on, rather than duplicate, recent experimental
findings. Ultimately, the paper contributes to understanding how Al is reshaping epistemic processes in education and calls for a
more critical approach to Al-assisted learning.
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Introduction

The widespread adoption of artificial intelligence (Al) tools, particularly large language models (LLMs) such as
ChatGPT, is significantly reshaping the educational landscape across diverse learning environments (Kasneci et al.,
2023; Dwivedi et al., 2023; O'Sullivan et al., 2025; Nguyen et al., 2024). These tools are highly valued because they
provide personalized, immediate, and fluent responses, making learning more accessible and efficient (Mogavi et al.,
2024). However, their swift integration also raises critical concerns about students' ability to evaluate and assess the
reliability of Al-generated content (Sperber et al., 2010; Efimova & Nygren, 2026). One concern is algorithmic bias,
where Al systems may unintentionally reinforce existing inequities and shape learning outcomes (Baker & Hawn,
2022). As Al becomes ubiquitous in education, it is essential not only to examine its practical benefits but also to
consider the cognitive and epistemic risks it introduces, particularly in how students engage with and internalize

knowledge.

Emerging evidence suggests that students often over-rely on Al outputs, accepting them without adequate critical

evaluation (Risko & Gilbert, 2016; Kasneci et al., 2023; Fan et al., 2024). This overreliance is largely driven by
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cognitive offloading and the high fluency of generative systems, which can create the illusion of accuracy
(Oppenheimer, 2008). Recent experimental work documents the consequences directly: students using ChatGPT
showed improved performance scores but demonstrated no significant gains in knowledge transfer - a pattern labelled
“metacognitive laziness” (Fan et al., 2024). Additional studies using Electroencephalography (EEG), a non-invasive
method for measuring the brain's electrical activity, found that ChatGPT users displayed the lowest neural engagement
across writing groups (Kosmyna et al., 2025), while Al-assisted research reduced cognitive load but produced lower-
quality arguments (Stadler et al., 2024). These findings indicate that the cognitive risks of Al-assisted learning are not

merely theoretical.

Traditional models such as authority bias (Cialdini & Goldstein, 2004) and automation bias (Parasuraman & Riley,
1997; Mosier & Skitka, 1996) provide partial explanations for these phenomena. Authority bias describes a tendency
to defer to perceived expertise; automation bias describes overdependence on system recommendations. However,
these models were developed prior to the rise of generative Al and do not fully account for the unique linguistic and
conversational nature of modern Al systems. In particular, they neglect how fluency — the ease with which
information is processed — can be mistaken for epistemic credibility, leading learners to equate clarity with

understanding (Oppenheimer, 2008; Reber & Unkelbach, 2010).

Recent theoretical and empirical work has begun to address these limitations (i.e., the inadequacy of traditional
authority and automation bias models in accounting for the unique fluency and conversational nature of generative
Al). For instance, Jose et al. (2025) argue that generative Al functions as a "surrogate knower" that displaces traditional
epistemic authority in classrooms. Additionally, Tanchuk et al. (2025) propose normative criteria for evaluating
epistemic trustworthiness in Al tutors, and Pandey et al. (2025) developed a six-factor instrument for measuring
epistemic trust in generative Al in higher education. Mehta et al. (2024) connect the illusion of explanatory depth
(IOED; Rozenblit & Keil, 2002) directly to LLM use. Nevertheless, these contributions remain fragmented. No
integrated cognitive model yet connects specific features of generative Al outputs —such as fluency, immediacy,
structured coherence— to the cognitive mediators (authority heuristics, fluency-based judgment, cognitive offloading,

weakened metacognition) that produce inflated epistemic trust and superficial learning.

To fill this integrative gap, the present paper introduces Algorithmic Authority Bias (AAB), a conceptual framework
that explains how learners attribute unwarranted epistemic authority to Al-generated outputs based primarily on
surface features such as fluency, coherence, and immediacy, rather than on actual epistemic validity. Rather than
replacing existing constructs, AAB integrates and extends them to better account for the unique dynamics of
conversational Al environments. Over time, these dynamics foster what this paper terms false understanding — a
condition in which students generate correct or plausible answers without possessing the underlying reasoning
required for genuine conceptual expertise (Chi, 2009; Balta, 2026). The framework provides a unified account of how
generative Al reshapes epistemic judgment in education and offers a set of testable propositions to guide future

empirical work.
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Literature Review

Theoretical Foundations: Authority, Automation, and Cognitive Offloading

Human cognition is shaped by a tendency to defer to perceived authority, particularly under conditions of uncertainty.
Individuals often rely on external sources, such as experts or institutions, to reduce cognitive effort (Milgram, 1963;
Cialdini & Goldstein, 2004). In educational contexts, this deference frequently manifests as an acceptance of
transmitted knowledge without deep evaluation, thereby limiting critical engagement and independent reasoning

(Freire, 1970; Chi, 2009; Kirschner et al., 2006).

A closely related mechanism is automation bias. In this bias, individuals tend to over-rely on system outputs and
reduce independent verification, especially when automated systems are perceived as efficient, objective, and reliable
(Parasuraman & Riley, 1997; Mosier & Skitka, 1996; Lee & See, 2004; Parasuraman & Manzey, 2010). This tendency
has been widely observed in decision-making contexts where users often follow algorithmic recommendations even

when those recommendations conflict with their own judgment.

A third key strand is fluency-based trust, also known as a fluency heuristic. In this context, the ease of processing
information serves as a powerful indicator of truth and credibility (Oppenheimer, 2008; Reber & Unkelbach, 2010;
Hertwig et al., 2008). In Al-assisted learning environments, this fluency heuristic becomes particularly influential
because generative Al responses are typically immediate, grammatically well-structured, and delivered with linguistic

confidence. These qualities strongly reinforce perceptions of correctness, even in the absence of verification.

Finally, cognitive offloading refers to the delegation of cognitive tasks to external resources (Risko & Gilbert, 2016).
Generative Al introduces a qualitatively new form of offloading. Learners can now delegate not only retrieval but also
explanation, reasoning, and problem-solving processes to systems that simulate epistemic agency through natural

language generation.

Taken together, these four foundations — authority bias, automation bias, fluency-based judgment, and cognitive
offloading — offer complementary but individually incomplete explanations of learner behavior in Al contexts. None
of them, in isolation, fully captures the specific interplay of cues, cognitive shortcuts, and learning consequences that

arises when learners interact with conversational generative Al

Generative Al and the Transformation of Epistemic Interaction in Education

LLMs have moved beyond simple search tools to become central to student learning experiences. These models
support tasks such as assignment completion, concept clarification, and facilitating comprehension (Kasneci et al.,
2023). Although these features improve efficiency and access, they also fundamentally alter the nature of epistemic
engagement. That is, they change how students engage with knowledge. The rapid and fluent nature of Al-generated

explanations can significantly reduce the cognitive effort students invest in problem-solving, justification, and self-



78|SONY & MUS

explanation. These steps are central to meaningful learning (Risko & Gilbert, 2016; O'Sullivan et al., 2025).
Consequently, learners often transition from active knowledge construction to a reliance on Al-generated answers.
This effectively positions the Al as a “surrogate knower” (Jose et al., 2025), displacing students’ own role in actively

constructing understanding.

Building on this shift from active learning to reliance on Al, another important concern is the surface qualities of Al-
generated content. Even when Al-generated responses contain incomplete reasoning or factual inaccuracies, they are
typically fluent, well-structured, and delivered with high confidence s (Ji et al., 2023). This combination of fluency
and confidence can mislead students into overestimating the correctness and depth of explanations, creating an inflated
sense of understanding (Efimova & Nygren, 2026). In conceptually demanding tasks, students may mistake well-
presented explanations for genuine comprehension. Over time, repeated exposure to such interactions may shift

learning from active cognitive engagement toward passive acceptance of Al-generated content.

Moreover, these concerns are reinforced by issues of bias and fairness in educational Al systems. For example, Idowu
et al. (2024) demonstrate that algorithmic bias in student progress monitoring can worsen inequities in learning
outcomes. Similarly, Kizilcec and Lee (2022) highlight that algorithmic fairness significantly influences students'
learning experiences and trust in Al systems. As a result, generative Al is not a neutral tool but an active force that

reshapes how learners interpret, trust, and internalize academic knowledge.

Recent Empirical and Theoretical Work on Epistemic Trust and Cognitive Engagement in AI-Assisted

LearningText

In recent years, a large and rapidly growing body of research (2024-2026) has begun to document the cognitive and
epistemic consequences of Al-assisted learning. These studies provide valuable empirical and conceptual support for
the framework presented in this paper. In this section, we organize the existing literature into four strands. The first

two strands focus on empirical evidence, while the last two strands address conceptual and measurement work.

Empirical evidence for cognitive offloading and reduced engagement

Fan et al. (2024) conducted experimental research with 117 university students who revised essays using different
types of support, including ChatGPT, human expert feedback, checklist tools, and no support. Students who used
ChatGPT produced better essays in the short term; however, they showed no real improvement in long-term
knowledge retention or the ability to apply what they learned (Fan et al., 2024). The researchers introduced the idea
of metacognitive laziness (Fan et al., 2024). This means students relied so heavily on Al that they stopped using

important thinking processes such as planning monitor and evaluation (Fan et al., 2024).

Building on this finding, Kosmyna et al. (2025) measured brain activity using EEG during essay writing. Students

who used ChatGPT showed the lowest level of neural engagement compared to other groups (Kosmyna et al., 2025).
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These effects continued even when students later worked without Al (Kosmyna et al., 2025). Similarly, Stadler et al.
(2024) found that ChatGPT support reduced mental effort but produced weaker arguments. Additionally, Lee et al.
(2025) reported that cognitive offloading is connected to less critical thinking, especially among younger students.

Together, these studies show that the risks of reduced engagement are real under Al usage.

Empirical work on the illusion of understanding

Recent studies have shown that students using LLMs often believe they understand topics more deeply than they
actually do (Kumar et al., 2026; Belghith et al., 2024). This phenomenon is known as the illusion of explanatory depth
(Rozenblit & Keil, 2002). Moreover, later experiments confirmed that Al-generated explanations can strengthen this
illusion (Chromik et al., 2021). Students feel they have mastered the material when, in fact, their understanding
remains shallow. This research provides strong support for the concepts of synthetic mastery and false understanding

that are central to the AAB framework.

Conceptual work on epistemic authority in AI-mediated learning

As discussed in earlier sections, Jose et al. (2025) and Tanchuk et al. (2025) examine how generative Al functions as
a surrogate knower and offer frameworks for assessing its trustworthiness. Other researchers (Jakesch et al., 2023)
have shown that fluent, well-written Al text is often judged as more credible than human-written text even when the

information is not more accurate.

Measurement work on epistemic trust

Pandey et al. (2025) created and tested a new survey tool called the Epistemic Trust in Generative Al in Higher
Education (ETGAI-HE) scale. This tool measures student trust in Al according to factors such as reliability,
predictability, and user control (Pandey et al., 2025). It offers a useful way to study the ideas presented in the AAB

framework.

In summary, the studies reviewed in this section demonstrate that the cognitive and epistemic risks of Al-assisted
learning are not merely theoretical. They are supported by empirical data and conceptual analysis; however, most of
this research examines the issues in separate ways. What is still missing is an integrated model that clearly connects
specific features of Al outputs, such as fluency, speed, and coherence, to the mental processes that lead to over-trust

and shallow learning. The AAB framework introduced in this paper aims to fill this important gap.

Conceptual Limitations of Existing Frameworks

The foundations and recent work reviewed above each illuminate important parts of the picture. However, none of

them alone captures the full pathway from Al features to learning outcomes.

Authority bias and automation bias explain why students defer to external sources (Cialdini & Goldstein, 2004;

Parasuraman & Riley, 1997), yet they do not show how linguistic fluency drives that deference in conversational Al
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systems. Fluency research clarifies why ease of processing increases credibility judgments (Oppenheimer, 2008;
Reber & Unkelbach, 2010), but it remains disconnected from the specific conditions of conversational Al interaction.
Cognitive offloading research describes the delegation of cognitive work (Risko & Gilbert, 2016) yetit does not
explain how learners come to trust the resulting outputs as authoritative. IOED captures the self-misattribution of
understanding (Rozenblit & Keil, 2002), but it does not address the specific Al input features that trigger this effect.
Finally, philosophical and normative accounts of Al epistemic authority (Jose et al., 2025; Tanchuk et al., 2025)
describe what is happening at the level of classroom epistemology, yet they do not provide a cognitive-mechanism

model.

What is still missing is a single integrated construct. This construct should (a) identify the specific Al input features
that cue epistemic authority, (b) specify the cognitive mediators these cues activate, (c) characterize the recursive
interaction among these mediators, and (d) connect them to defined learning outcomes. The AAB framework is offered

as that integrative construct.

Algorithmic Authority Bias (AAB): Conceptual Integration

This section introduces Algorithmic Authority Bias (AAB), a mediating cognitive construct, as the central conceptual
contribution of this paper. It helps explain why learners often treat Al-generated outputs as authoritative when those
outputs sound fluent, look well-organized, and arrive quickly, even when the learner has not verified the accuracy of
the information. AAB is not a new or primitive bias. Instead, it brings together four established mechanisms from
cognitive and educational psychology: authority heuristics, fluency-based judgment, cognitive offloading, and reduced
metacognitive monitoring. The framework places these mechanisms within the specific context of conversational Al

use in learning environments.

Figure 1 shows the full pathway through which AAB operates. The pathway begins on the left with Al response
features, which act as stimuli. These features include fluency and coherence, immediacy and availability, confidence
and certainty cues, structured presentation, and perceived expertise. These stimuli activate four core AAB
mechanisms: the perceived authority heuristic, the fluency-to-accuracy illusion, cognitive offloading, and reduced
metacognitive monitoring. The mechanisms then produce cognitive consequences for the learner. These consequences
include surface-level processing, acceptance of incorrect or incomplete explanations, shallow evaluation, and reduced
self-explanation. Together, these consequences result in the cumulative outcome of high trust paired with low scrutiny.
A feedback loop captures the recursive reinforcement of this cycle. When students have repeated positive experiences
with Al, their trust grows stronger and their reliance increases, which shapes future learning behaviors. Finally,
moderators act as boundary conditions and fall into five categories: learner, task, Al output, contextual, and supportive
factors. These moderators determine how strong AAB effects will be in any given learning environment, and they

specify the conditions under which AAB effects strengthen or attenuate.
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Although the mechanisms shown in Figure 1 share some components with other constructs already in the literature,
AAB is conceptually distinct from each of them. Table 1 compares AAB with five adjacent constructs: authority bias,
automation bias, fluency-based trust, IOED, and the “surrogate knower” concept introduced by Jose et al. (2025),
which describes how Al displaces the teacher's traditional role as a source of knowledge in the classroom. The
comparison uses four dimensions: the triggering cue, the primary mechanism, the cognitive scope, and the predicted

outcome.

The contribution of AAB is therefore not novel at the level of any single mechanism. Instead, it lies in the explanation
of how these mechanisms interact in conversational Al environments. Generative Al systems produce responses that
are linguistically fluent, structurally coherent, and confidently articulated. These features act as surface-level cues of
expertise. They lead learners to infer correctness from clarity. When fluency is misattributed to epistemic accuracy
rather than to surface processing ease (Oppenheimer, 2008; Reber & Unkelbach, 2010), learners may accept Al-
generated explanations as authoritative even when the underlying reasoning is incomplete or partially incorrect (Ji et

al., 2023).

Figure 1

An Integrated Mechanistic Framework of Algorithmic Authority Bias (AAB) in Al-Assisted Learning.
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The proximal cognitive outcome of AAB is the emergence of synthetic mastery (Balta, 2026). This means that learners

experience a subjective sense of understanding without possessing fully developed conceptual structures (Balta, 2026).
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Synthetic mastery is the pathway toward false understanding. False understanding is defined as the ability to generate
correct or plausible answers without possessing the underlying reasoning needed for genuine conceptual expertise.
The two constructs are distinct but related. Synthetic mastery refers to the in-the-moment subjective state of
comprehension. False understanding refers to its durable behavioral expression, namely, performance without transfer.
Both constructs are closely related to IOED in Al contexts (Mehta et al., 2024). However, they are framed here as

outcomes of a specific mechanistic pathway rather than as a generic metacognitive illusion.

It is also important to acknowledge counterevidence. Dietvorst et al. (2015) documented algorithm aversion, in which
users reject algorithmic outputs after observing errors. The AAB account is not incompatible with this finding. AAB
predicts inflated trust under conditions of high fluency, immediacy, and coherence. However, AAB also allows that
error salience, and prior failure can lower trust below baseline. In this way, AAB and algorithm aversion operate as

opposing forces. Their balance depends on the quality of Al output, the visibility of errors, learner expertise, and task

type.

Cognitive Mechanisms, Boundary Conditions, and Testable Propositions

AAB operates through four interacting cognitive mechanisms that shape how learners process and evaluate Al-
generated information. These mechanisms have been studied individually in different bodies of research, but AAB
describes how they work together in conversational Al environments. The four mechanisms are:

1. The perceived authority is heuristic. Learners attribute expertise to confident, well-structured outputs without

verifying them (Cialdini & Goldstein, 2004).

2. The fluency-to-accuracy illusion. Learners interpret linguistically fluent and coherent explanations as more

accurate than they are (Oppenheimer, 2008; Reber & Unkelbach, 2010).

3. Cognitive offloading. Learners delegate explanation, inference, and problem-solving to Al systems rather

than engaging in independent reasoning (Risko & Gilbert, 2016; Gerlich, 2025).

4. Reduced metacognitive monitoring. Learners become less accurate in evaluating their own understanding

when they are exposed to fluent and confident Al outputs (Flavell, 1979; Chi, 2009; Fan et al., 2024).

These four mechanisms reinforce one another in a recursive cycle. Fluency-based judgment increases epistemic trust
in Al outputs. Greater trust encourages more cognitive offloading. Greater offloading further reduces opportunities
for metacognitive reflection and error detection. In other words, each mechanism strengthens the conditions that
activate the others. Over time, this recursive interaction contributes to an illusion of explanatory depth (Rozenblit &

Keil, 2002) and produces the pathway from synthetic mastery to false understanding.
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AAB compared with adjacent constructs.
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. . . . .o Predicted
Construct Triggering cue Primary mechanism Cognitive scope
outcome
Authority bias Perceived expertise  Deference heuristic Source evaluation Acceptance of
of source expert claims
Automation Output of an Reduced verification System reliance Errors of omission
bias automated system / commission

Fluency-based
trust

TOED (in AT)

Surrogate
knower (Jose
et al., 2025)

Algorithmic
Authority
Bias (AAB)

Ease of processing

External
availability of
explanations

Al-generated
content in
classroom

Fluency,
immediacy, and
structured output

Truth heuristic

Self-misattribution of
understanding

Displacement of dialogic
justification

Recursive interaction of
the perceived authority
heuristic, fluency-to-
accuracy illusion,
cognitive offloading, and
reduced metacognitive
monitoring

Single judgment

Self-assessment

Classroom
epistemology

Both source and self-
evaluation in
conversational Al

Inflated credibility
rating

Overestimation of
own
understanding

Erosion of teacher
authority

Synthetic mastery
leading to false
understanding

Testable propositions. Based on this account, we derive six propositions to guide empirical research:

e PI. Higher fluency in Al output increases learners' epistemic trust independently of factual accuracy.

e P2. Immediacy and structured presentation of Al output amplify the effect of fluency on epistemic trust (an

interaction effect).
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P3. AAB mediates the relationship between Al input features (fluency, immediacy, and structure) and the

depth of learners' conceptual processing.
e P4, Greater AAB is associated with increased cognitive offloading and reduced metacognitive monitoring.

e P5. Synthetic mastery is a distinguishing behavioral signature of AAB. It can be operationalized as a pattern
in which subjective understanding ratings match objective performance on near-transfer tasks but diverge on

far-transfer tasks.

e P6. Prior domain knowledge, Al literacy, and epistemic disposition moderate susceptibility to AAB. Learners

with higher knowledge and higher Al literacy are expected to show weaker AAB effects.

Boundary conditions. AAB is unlikely to apply uniformly across all learners, tasks, and contexts. As shown in Figure
1, five categories of moderators determine the strength of AAB effects in any given learning environment.

Learner factors shape individual susceptibility to AAB. Prior knowledge helps learners detect inconsistencies in Al
explanations. Epistemic beliefs influence the willingness to question authoritative-looking outputs. Need for cognition
predicts engagement in effortful evaluation. Domain interest motivates deeper processing. Finally, baseline trust in
technology affects the default level of reliance on Al outputs. Together, these factors mean that high-knowledge, high-
Al-literacy, and epistemically vigilant learners are likely to show weaker AAB effects (Sperber et al., 2010).

Task factors determine the cognitive demands placed on learners and, in turn, the value of cognitive offloading. Topic
complexity, task type (for example, explanation versus problem-solving), stakes (for example, graded versus practice),
and learner familiarity with the task all influence whether Al use support or undermines learning. Routine procedural
tasks may benefit from offloading without producing false understanding. By contrast, conceptually demanding and

unfamiliar tasks are the most vulnerable to AAB effects.

Al output factors moderate the strength of the cues that trigger AAB. Explanation depth and quality, tone (confident
versus hedged), the presence of sources or examples, the use of visuals or structure, and the consistency of outputs
across responses all shape learners' perceptions of authority and accuracy. When Al errors are visible and outputs
hedge appropriately, algorithm aversion may dominate over AAB (Dietvorst et al., 2015; Kim et al., 2024).
Contextual factors situate AAB within the broader learning environment. Instructional guidance, assessment practices,
the physical or digital learning environment, institutional policies, and time pressure all shape how Al tools are used
and how their outputs are interpreted. For example, time pressure may amplify reliance on fluent Al outputs. By
contrast, assessment practices that emphasize justification and reasoning may encourage more critical evaluation.
Supportive factors function as protective moderators that can attenuate AAB effects. These factors include
metacognitive prompts, verification training, encouragement to explain, Socratic questioning, and teacher scaffolding.
They interrupt the recursive AAB cycle by reintroducing effortful processing and self-monitoring (Flavell, 1979;
Mehta et al., 2024). For this reason, supportive factors are particularly important for instructional design, because they

represent concrete points of intervention.
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At the learning-outcome level, these mechanisms shift learning from active knowledge construction toward surface-
level processing. Learners may successfully reproduce correct answers or plausible explanations without developing
the underlying conceptual structures required for transfer, adaptation, and flexible application of knowledge (Chi,
2009; Bauer et al., 2025). The decoupling of performance and understanding is the central pathway through which
AAB shapes educational outcomes. This pattern is precisely what Fan et al. (2024) document empirically, providing

converging evidence for the offloading and metacognitive components of AAB.

Domain Application: Research Methods Education

Research methods education provides a particularly informative context for examining AAB. Learning research
methods requires multi-step analytical thinking, evaluation of evidence, and methodological justification (Mertens,
2019). These are demanding cognitive tasks. They depend on sustained engagement and careful self-monitoring. For
this reason, the domain is especially sensitive to any reduction in cognitive effort or metacognitive control (Flavell,

1979; Chi, 2009). This makes research methods learning a useful setting for observing AAB in action.

Generative Al is increasingly used by students in research methods courses. Students turn to Al tools to obtain
explanations of statistical concepts, to clarify research design choices, and to walk through data analysis procedures.
These systems can provide structured and accessible explanations. However, the fluency and coherence of Al output
may encourage learners to accept methodological interpretations without sufficient verification. This is particularly
problematic in this domain. Methodological understanding does not depend only on reproducing procedures. It also
depends on interpreting underlying assumptions and evaluating the validity of inferences (Shadish, Cook, & Campbell,
2002). When students accept fluent Al explanations without engaging with these deeper aspects, the consequences for

learning are substantial.
Three domain-specific predictions follow from AAB:

e DI. AAB effects will be larger for conceptually integrative methodological topics, such as construct validity,
sampling logic, and threats to internal validity, than for procedurally tractable topics, such as running a t-test
in statistical software.

e D2. Students who rely on Al for methodological explanations will show inflated confidence when
interpreting statistical outputs. However, they will show reduced ability to justify methodological decisions
when prompted to articulate the underlying assumptions.

e D3, Iterative prompting interventions of the kind proposed by Mehta et al. (2024) will be more effective than

warning-based interventions for reducing AAB in methods learning.

Together, these predictions show how AAB can generate domain-specific, testable hypotheses rather than remaining

at the level of a general claim.
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Discussion

Implications for Theory and Practice

The AAB framework has implications for teaching, assessment, and the design of Al learning tools. Each implication
can be traced back to one of the four mechanisms in the framework. This means that the recommendations are not a
general list of best practices. They are targeted interventions, each one designed to weaken a specific cognitive shortcut

that AAB activates. We organize the implications below by the mechanism each one is designed to counter.

Visible reasoning to counter the fluency-to-accuracy illusion

Fluency is the most powerful input cue in AAB. Smooth, well-organized Al outputs are interpreted as accurate, even
when the reasoning behind them is incomplete. This means that interventions should make reasoning processes
visible rather than hidden. On the design side, Al systems should signal uncertainty and surface intermediate
reasoning steps instead of presenting only polished final outputs (Kim et al., 2024). On the teaching side, students
can be asked to evaluate Al outputs against alternative explanations, identify gaps in argument structure, or compare
Al explanations with primary sources (Bloom, 1956; Chi, 2009). Both kinds of interventions force the reader to look

past surface fluency and engage with the underlying reasoning.

Explanation- and justification-based assessment to counter cognitive offloading

Cognitive offloading is most valuable when assessment rewards correct answers alone. In that case, the student gains
by handing the work over to the AI. However, assessment that emphasizes justification, reasoning steps, and transfer
better reflects conceptual understanding (Roediger & Karpicke, 2006). This means that the value of offloading is
reduced. When the assessment asks students to critique Al-generated explanations, reconstruct arguments, or apply
methods to novel cases, cognitive effort is redirected toward active processing. In other words, the assessment design

itself shapes how much offloading is rewarded.
Metacognitive scaffolding to counter reduced metacognitive monitoring

Reduced self-monitoring is one of the hardest mechanisms to address, because students often do not notice that their
monitoring has been weakened. For this reason, instructional design needs to scaffold metacognitive engagement
explicitly. Think-aloud protocols, guided self-questioning, and structured reflection on Al interactions can all support
this kind of engagement (Flavell, 1979). Mehta et al. (2024) offer a concrete example with their iterative prompting
framework. This framework requires students to interrogate Al outputs through follow-up questions. By doing so, it

surfaces shortcomings in both the Al explanation and the student’s own understanding at the same time.

Trust calibration training to counter the perceived authority heuristic
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Authority heuristics produce automatic deference to confident, well-structured outputs. This deference can be reduced
if learners are trained to calibrate their trust deliberately. Research on human-automation interaction shows that
appropriate trust calibration depends on explicit verification habits, source-checking, and exposure to system errors in
low-stakes contexts (Sheridan & Parasuraman, 2005; Parasuraman & Manzey, 2010). Educators can build these habits
into instruction by giving students practice with Al outputs that contain visible errors, asking them to verify claims

against trusted sources, and reflecting on cases where the Al was confidently wrong.

These four recommendations are not exhaustive. They illustrate how each AAB mechanism maps onto a distinct
intervention target. Importantly, the four interventions are most effective when used together. Approaches that address
only one mechanism, such as warning messages that target only authority cues, are likely to be less effective than
coordinated interventions across all four mechanisms. This is consistent with the recursive nature of AAB described
in Literature review section, where each mechanism reinforces the others. Breaking the cycle at one point may not be

enough if the other mechanisms continue to operate.

Limitations and Future Research Directions

This study is subject to several limitations that future research should address. The most important limitation is that
AAB, as a conceptual framework, has not yet been tested as an integrated whole. Several of its component mechanisms

have already received empirical support, but the integrated pathway itself has not been examined directly.

A brief look at the existing evidence helps clarify the situation. Fan et al. (2024) provide evidence consistent with the
cognitive offloading and metacognitive components of AAB. Kosmyna et al. (2025) provide neural evidence
consistent with reduced engagement during Al use. Stadler et al. (2024) document the cognitive-ease-versus-quality
trade-off. Finally, Mehta et al. (2024) and related work on IOED in Al contexts support the synthetic mastery outcome
construct. Together, these studies show that the individual mechanisms in AAB are well documented. The empirical
task is therefore not to test isolated mechanisms. Instead, the task is to test the integrated pathway that AAB specifies,

in which these mechanisms operate together to produce the move from synthetic mastery toward false understanding.

Three research priorities follow from this. First, measurement work is needed. Researchers should develop an AAB-
specific instrument that captures the configuration of fluency-based trust, cognitive offloading, and metacognitive
miscalibration that AAB identifies. One promising starting point is the ETGAI-HE scale (Pandey et al., 2025), which
already measures epistemic trust in generative Al in higher education. An AAB-specific instrument could build on or

extend this scale.

Second, experimental designs are needed to isolate which Al input features matter most. Researchers should
manipulate fluency, immediacy, and structured presentation independently, and then test whether AAB mediates the
path from these input features to learning outcomes (Shadish, Cook, & Campbell, 2002). This kind of design allows

the framework to be tested as a causal model rather than just a description.
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Third, longitudinal studies are needed to examine how AAB effects develop over time. A key question is whether
synthetic mastery, the in-the-moment subjective sense of understanding, stabilizes into durable false understanding
over the course of a semester or a term. This is especially important in domains such as research methods, where the

goal of instruction is transferred to new situations rather than reproduction of known answers.

Beyond these three priorities, future work should also test the boundary conditions specified in literature review
section. These include the moderating roles of prior knowledge, Al literacy, task type, error salience, and the
supportive factors that can attenuate AAB. Attention should be paid to the interaction between AAB and algorithm
aversion (Dietvorst et al., 2015). The two constructs predict opposing patterns of trust under different conditions. AAB
predicts inflated trust when Al outputs are fluent and confident. Algorithm aversion predicts reduced trust when errors

are visible. Understanding when one dominates over the other is an important next step for theory and for practice.

Conclusion

AAB represents a meaningful shift in the cognitive dynamics of contemporary education. The shift is particularly
visible in how learners evaluate and internalize Al-generated information. As generative Al systems become more
integrated into learning environments, they shape epistemic judgment in distinctive ways. Fluency, immediacy, and
perceived authority push learners toward reduced cognitive effort and greater reliance on external outputs. Recent
empirical work confirms that these dynamics are not theoretical concerns. They are operating in real learning settings.
Fan et al. (2024) document metacognitive laziness in students using ChatGPT. Kosmyna et al. (2025) measure neural
disengagement during Al-supported essay writing. Stadler et al. (2024) describe the cognitive-ease and quality trade-
off in Al-assisted research. Mehta et al. (2024) and related work track the illusion of explanatory depth in AI contexts.
Together, these findings show that the cognitive consequences of Al use in education are observable and consistent

across studies.

By introducing AAB, this paper provides a conceptual integration of these findings. The framework offers a unified
pathway. It moves from Al input features, through cognitive mediators, to the learning outcomes of synthetic mastery
and false understanding. The contribution of AAB is not the discovery of new biases. Instead, it lies in the articulation
of how known mechanisms combine in conversational Al environments to produce a systematic miscalibration of
epistemic trust. This means that the framework is integrative rather than novel at the level of any single mechanism.
It explains why these mechanisms, which have been studied separately for decades, become especially powerful when

they operate together in the context of a fluent and confident conversational Al.

It is also important to be clear about what AAB does not claim. AAB is not the claim that Al systems by themselves
determine learning outcomes. Learning outcomes are shaped by how learners interpret and cognitively process Al-
generated information. Al tools provide input. Cognition does the rest. The framework, therefore, places the locus of

explanation inside the learner, not inside the technology.
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These observations underscore a broader need. Educational approaches must promote critical evaluation, reasoning
transparency, and metacognitive awareness in Al-supported learning environments. The goal of integrating Al into
education should not be efficiency alone. Instead, it should be the preservation and strengthening of deep conceptual
understanding and critical thinking. AAB offers a conceptual map for pursuing this goal. By identifying the specific
mechanisms that lead to false understanding, it points to specific places where instruction, assessment, and Al system
design can intervene. Future research can be built on this map by testing the integrated pathway, measuring AAB

directly, and identifying the conditions under which protective factors are most effective.
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