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Abstract—This literature review examines the long-term effects
of LLM usage on critical thinking and its underlying cognitive
components, executive function and metacognition, and how these
effects vary across different LLM usage types. Through a careful
review of recent academic literature, this paper identifies a consistent
divide between two modes of LLM use that produce significantly
different cognitive outcomes. Unstructured use, which constitutes
the vast majority of current LLM interaction, is associated with
significant gains in task-time performance but degraded critical
thinking and higher-order cognition over time. Structured use,
which scaffolds rather than replaces the user's reasoning process,
shows the inverse pattern, reduced immediate efficiency paired with
improved long-term metacognitive and critical thinking capacity.
Three theoretical frameworks, namely cognitive offloading theory,
cognitive load theory, and dual-process theory, help to explain these
divergent outcomes through the suppression or preservation of
effortful cognitive processing. The findings characterize an
efficiency-proficiency tradeoff with implications for individuals,
educators, and policymakers, and suggest that the long-term
cognitive impact of LLMs depends not on whether they are used at
all but on how they are operationalized.

Keywords—HCI, Al, LLM, Executive Function, Metacognition,
Critical Thinking, Cognitive Offload Theory, Cognitive Load
Theory, Dual Process Theory.

I. INTRODUCTION

Large Language Model (LLM) use is pervasive, as of the
beginning of 2025, over half of all American adults have at some
point used LLMs [1]. These systems have demonstrated
measurable impact in academia [2], consumer, organization, and
government writing domains [3], and even in patterns of spoken
language use among the general population [4]. This widespread
influence amplifies the need to understand the long-term
impacts, particularly on human cognition. Humans possess a
unique ability to regulate one’s own thinking and to think
critically, capacities that quite possibly make us distinctively
human [5]. These capacities are so important to our daily lives
that they actually predict positive life outcomes better than
intelligence [8]. Metacognition and executive function serve as
fundamental components in the regulatory process underlying
critical thinking [6] [7]. Therefore, understanding how different
LLM usage types affect all three of these regulatory functions is
paramount.

The different ways in which an LLM can be operationalized
are not all created equal. This study explores these differences
and distinguishing uses that foster the higher-order cognitive

capacities from those that suppress them. This knowledge can
equip us with the right conceptual frameworks in order to make
informed decisions that impact us as human beings in the age of
AL

The profusion of accounts of the theoretical implications of
the age of Al and LLMs read as though they are straight out of
science-fiction novels [18][22][24][26][28][29][30]. Whether
these arguments and projected models lean toward techno-
optimism or straddle the line of Luddism, the message remains
clear, it’s imperative that we investigate the potential impacts
these technologies have on humans in order to foster human
flourishing and avoid suffering. As LLMs become increasingly
embedded in everyday life, shaping how people communicate,
learn, reason, and make decisions, understanding their effects on
human cognition is no longer a peripheral concern but a central
scientific responsibility. Additionally, the stakes of this question
extend beyond the individual. LLMs are the first widely adopted
tool capable of offloading not only memory but the higher-order
reasoning processes. At the societal level, these offloading risks
eroding the collective knowledge base that depends on
individual effortful thinking [28]. Rigorous empirical
investigation is essential to actively inform the development of
systems that boost collective human flourishing.

This review adopts a cognitive science framing grounded in
the computational-representational understanding of mind
(CRUM) [9], which conceptualizes cognition in terms of
knowledge representations such as beliefs, arguments, and
knowledge and the computational processes performed over
them, such as reasoning, evaluation, and explanation. Under this
framework, critical thinking can be understood as the skillful
execution of computation over mental representations [11], and
metacognition and executive function serve as the regulatory
mechanisms that enable that execution [12] [13].

The research question connects to this cognitive science
framing in three fundamental ways:

1)  Critical thinking as the manifestation of skillful
computation over mental representations. [11]

2)  Distributed cognition and extended mind as a
framework for understanding how human and LLMs interact
and effect each other [10] [17].

3)  Mechanistic theories from cognitive science as the
grounds for the effects to human long-term higher-order



cogntion, namely cognitive offloading theory [14], cognitive
load theory [15], and dual-process theory [16].

II. LITERATURE REVIEW DESIGN

This review was conducted through the careful examination
of the budding academic research literature on LLMs and long-
term impacts to human cognition. The research question was
examined by synthesizing empirical findings across various
study designs, including ex post facto surveys, classroom
studies, and neuroimaging studies to identify patterns in how
different LLM usage types affect critical thinking and its
underlying cognitive components. The approach taken was
iterative, starting with the broad topic of LLMs and critical
thinking and progressively narrowing and refining the scope
until arriving at a final research question both narrow enough to
be meaningful yet broad enough to avoid esotericism.

Literature selection began with semantic search on Google
Scholar and Scopus, supplemented by the literature mapping
tools ResearchRabbit and Litmaps. These literature maps made
it clear where the domain's foundational landmarks were
located. A high signal selection tactic was taking note of
commonly cited papers and authors in the sources' Related
Works sections. This provided important sources that
contributed foundational research in the domain. Sources were
organized in Zotero by thematic groupings according to usage
effects on higher-order cognition:

o Structured usage effects

e Unstructured usage effects
e Mechanisms

e Supplemental

Additionally, Notion pages were used to keep track of
important findings and quotes for each paper. A higher-level
page was used to track patterns, limitations, contradictions, and
common conclusions.

Refinement followed a progression from abstract and
conclusion screening for general relevance, to methods
verification to confirm that the study's LLM usage was clear, to
full-text review for extraction of key findings. Papers that were
not cited or referenced by other papers in the domain were
deprioritized, as a lack of engagement from the research
community signaled limited influence in the field. Additionally,
argument and prediction papers were removed from inclusion in
the Results Section in order to keep a strict empirical grounding.
A small collection of those theoretical papers were persevered
and used as references to implications in the Discussion and
Introduction sections.

There were three important focus shifts during the review
process. First, in order to ground critical thinking in fundamental
cognitive processes, metacognition and executive functions
were added to the list of entities affected. This expanded the
scope of the investigation to effects on all three. Second, most
of the original potential sources looked at the task-time effects
of using an LLM to do critical thinking work. The primary
intention of this literature review is to investigate the effects on
human's ability to critically reason in the long-run, particularly

without the aid of the LLM tool. Therefore, there was a shift in
focus from overall general effects to a distinction between short-
term task-time effects and long-term post-task effects, with
emphasis on the latter. Third, my original conceptualization of
LLM usage as a single unit morphed over time into the
understanding that the operationalization of the LLM is what
matters, which resulted in the addition of usage types to the
research question. From this addition, I had expectations of
creating a sort of anthology of the various ways in which an
LLM can be operationalized and each of their individual effects
on critical thinking. Reading through the research, it became
apparent that the important differentiation was not the specific
granular usage type but rather whether the LLM was structured
at all.

III. RESULTS

An initial review of the literature on LLM effects on critical
thinking reveals a seemingly highly contradictory environment.
LLMs can somehow both foster and impair long-term higher-
order functioning. Upon further analysis a distinctive pattern
that hangs on a single dividing variable, the operationalization
of the LLM, was discovered. Two general usage types emerge
consistently across studies, unstructured use, which accepts the
default “Al assistant” setup and structured use, which tailors
responses to scaffold specific user effort. Each producing
significantly different long-term cognitive outcomes.

A. Unstructured LLM usage and its long-term effects

LLM adoption rates have been one of the fastest in the
history of digital technology [31]. Chatterji in collaboration with
OpenAl researchers investigated ChatGPT usage data over 2
years. ChatGPT's weekly active users have grown from 1
million in 2023 to 800 million by late 2025. This data also
established a window into the scale at which unstructured LLM
interaction occurs today. Analyses of the conversation content
shows that nearly 80% of interactions revolve around practical
guidance, information retrieval, or writing tasks [31].
Suggesting the vast majority of ChatGPT conversations are
exercises in the delegation of critical reasoning, metacognition,
and executive functioning.

Any user of today’s models, regardless of how much they
use it, can tell you of the borderline-addicting productivity
benefits of using a LLM and the task-time research evidence
confirms these measurable gains. Not only do users with LLM
access complete reasoning tasks significantly faster than those
without, but qualitative assessments suggest higher output
quality in complex ideation and data interpretation tasks [25]
[32]. Notable quality exceptions do exist, such as originality,
where evidence of the convergence of ideas and reduced
creativity has been observed [33] [19] [25] [24].

These task-time gains do not appear to persist after the tool
is removed. Across various study designs the evidence shows a
consistent pattern of unstructured LLM use being associated
with impairment of individual higher-order cognition over time.
Ex post facto survey data reveals that higher self-reported LLM
usage correlates with lower scores on memory retention,
independent reasoning strategies, and critical thinking
assessments [25]. Gerlich corroborates this at scale, finding a
significant negative correlation between frequent AI/LLM tool



usage and critical thinking abilities, with younger and more
frequent users showing the sharpest declines [34]. Classroom
studies reinforce the pattern across semester-long timescales and
pedagogical domains. Li found that students who primarily used
LLMs for academic work showed diminished ability to
construct and evaluate arguments independently over the course
of a semester [24], while JoSt et al. demonstrated that in
programming course, students who relied more heavily on
LLMs for critical thinking-intensive tasks such as code
generation and debugging, performed significantly worse on an
final assessment when the LLM was removed [23]. Stadler et al.
demonstrated that while LLMs reduce mental load during
learning tasks, this cognitive ease comes at the cost of
processing depth. Students failed to develop the deep encoding
needed for understanding [36]. Zhai similarly found that the
reliance on LLMSs, generated by efficiency gains and trust in
quality outputs, erodes the user's capacity for independent
critical assessment [32].

In the absence of longitudinal studies (see Limitations
section for further details) neuro-activity monitoring offers the
clearest evidence of higher-order cognition impairments of
unstructured LLM use. Using EEG technology, Kosmyna et al.
monitored brain activity and connectivity during writing tasks
and found that LL.M-assisted writers exhibited significantly less
neural engagement compared to unassisted writers, with the
greatest torpidity occurring in regions associated with executive
function and metacognitive self-monitoring [19]. The study also
revealed that LLM use fundamentally transformed the cognitive
signature of the writing task itself. What was previously an act
of critical composition and reasoning, writing became a task
dominated by procedural integration and motor coordination
[19].

B. Structured LLM usage and its long-term affects

Structured LLM use incorporates designs or processes that
scaffold, rather than replace, the user's reasoning process. The
most studied implementation is the Socratic chatbot in academic
environments. This design is a model prompted or fine-tuned to
respond with reflective questions rather than direct answers.
When a conventional LLM-based writing tool was compared
against a reflective-prompting LLM, the standard tool produced
faster task completion but worse long-term skill development,
while the reflective condition showed slower task performance
but improved metacognitive engagement and independent
reasoning over time [44]. These Socratic designs have been
shown to consistently promote argument analysis, evidence
evaluation, and deeper knowledge encoding [20] [45] [46] [47]
[48].

These fostering effects emerge across cognitive components.
A four-month study using an LLM-based metacognitive
reflection tool produced measurable gains in students' ability to
monitor and regulate their own thinking, with effects persisting
beyond the study period [49]. Similarly, chatbot systems
designed with explicit executive function scaffolding, which
required users to plan, monitor, and evaluate responses,
demonstrated improvements in working memory and cognitive
flexibility [21].

Notably, even lightweight interventions show similar results.
Lira et al. found that a coaching-aligned LLM, that prompted

users to attempt tasks before receiving assistance, improved
writing skill over time despite reducing short-term output
efficiency [53]. These findings align with Tankelevitch et al.'s
framing of generative Al as an inherently metacognitively
demanding process when used properly. This process requires
users to evaluate outputs, calibrate their knowledge, and monitor
their own understanding [35]. The suggestion from these
structured designs are that they foster critical thinking precisely
because they force these demands onto the user rather than
leaving it to the user’s discretion.

However, adoption of structured LLM modes remains low.
Darvishi et al. found that students consistently chose to rely on
LLM outputs rather than learn from available Al-assisted
scaffolds [37]. Similarly, Han discovered even when made
explicitly aware of structured course-aligned LLM modes,
students tend to opt for the default general-purpose LLM modes
65% of the time [38]. These results suggest that behavioral
friction may limit the adoption of structured designs.

C. Mechanisms

Three theoretical frameworks work together, and overlap, to
explain the divergent outcomes of unstructured and structured
LLM use.

The most empirically supported is cognitive offloading
theory. Risko and Gilbert define cognitive offloading as the use
of physical action or external artifacts to reduce the cognitive
demands placed on the internal system [14]. The consequences
of offloading have been well-documented, internet search,
digital photography, GPS navigation, and cockpit automation
have all been shown to enhance task-time performance while
causing atrophy to the capacities they replace [39] [40] [41] [42]
[43]. LLMs extend this dynamic by enabling the offloading of
higher-order reasoning itself. Gerlich demonstrated that
cognitive offloading functions as the primary mediating factor
between unstructured LLM use and long-term critical thinking
impairment [34]. Gilbert's subsequent work frames the
offloading decision as explicitly value-based, meaning users
offload cognition when the perceived performance gain
outweighs the cost effort, a perception that modern LLMs easily
provide. [50]. Kosmyna et al.'s neuroimaging data confirms that
offloading writing onto an LLM skipped the effortful cognitive
processing required for deep encoding [19].

Cognitive load theory provides a complementary
mechanistic account of effects [15]. LLMs greatly reduce
extraneous cognitive load by automating summarization and
information retrieval, which theoretically frees working
memory for schema construction. However, unstructured usage
also undermines the germane load that is needed to integrate
new information into existing knowledge schemas. This results
in surface-level understanding without permanent schema
updates [36] [S1]. Structured LLM designs, by contrast, preserve
germane load through scaffolded prompting that keeps the user
as the primary provider of cognitive effort while dynamically
reducing extraneous load [52].

Dual-process theory offers a third, behavioral frame [16]. By
surfacing seemingly coherent responses rapidly, LLMs
systematically raise the threshold for the System 2 override,
which is slow and deliberate processing, in favor of habitual use



of System 1, which is fast, heuristic, low-effort processing. Over
repeated interactions, this pattern may bolster the user's
tendency for reactive processing rather than effortful cognition
that’s needed for critical analysis. Structured LLM interactions,
which require the user to generate and evaluate their own
reasoning, require System 2 engagement and instill the cognitive
habits on which critical thinking depends.

IV. DISSCUSSION

The findings in this review carry serious implications that
extend far beyond the academic environment into the rest of the
real world. The unstructured-structured distinction is not an
ontological contribution, it conceptualizes a fault line along
which LLM usage can either erode or foster the higher-order
cognitive capabilities that constitute critical thinking. The
behavioral evidence suggests that users overwhelmingly default
to the side of that fault line associated with long-term erosion.
This has significant and pressing implications to the future of
education, policy, and LLM design.

A. Implications for Individuals and Society

At the individual level, the corpus of evidence paints a
concerning vignette. The pattern of measurable gains in task-
time performance at the expense of higher-order functioning
gives fuel to Kim et al.’s behavioral predictions, in which
sustained reliance on LLMs transitions from algorithm aversion
to algorithm dependence, progressively diminishing the user's
self-efficacy and willingness to engage in effortful reasoning
[26]. What makes this progression especially concerning is its
self-reinforcing properties. As noted in the results section, Zhai
found that the overreliance of LLMs erodes the user's capacity
for independent critical assessment [32], while also noting that
this overreliance arises when individuals struggle to critically
asses the reliability of Al. This suggests a negative feedback
loop in which unstructured LLM use diminishes the critical
faculties needed to evaluate one's own LLM use, driving further
dependence. Garcia-Barrios formalizes this self-reinforcement
dynamic through a conceptual model of cognitive offloading in
human-Al collaboration, identifying the conditions where
intelligent systems transition from epistemic partners to
cognitive crutches [27]. This model suggests that this transition
is not sudden but gradual. Users will pass through stages of
increasing dependence where each stage of offloading makes the
next more likely, precisely because the metacognitive resources
needed to resist further offloading are themselves being eroded.

Beyond the individual there are also societal implications.
Acemoglu, Kong, and Ozdaglar formalize the collective impact
of this problem through a dynamic model of learning and
decision-making in which individual incentives and effort
produce knowledge that contributes to a shared stockpile of
human knowledge [28]. Their results demonstrates that when Al
provides sufficiently accurate information, it replaces the human
effort that sustains collective knowledge, and the system can tip
into what they term a knowledge-collapse steady state, which is
a long-run equilibrium state in which society's stockpile of
general knowledge completely vanishes despite the access to
high-quality personalized Al advice. This review could provide
concrete mechanisms by which the cognitive effort replacement
dynamics in their model would operate. Taken together, the
theoretical and empirical evidence suggests that unstructured

LLM use poses risks not only to individual proficiency but to
the collective society.

B. Significance for Cognitive Science and Real-World
Application

The contents of this review matter and have implications on
cognitive science for multiple reasons. First, the research
provides further empirical support for cognitive offloading
theory by demonstrating its operation in a new and rapidly
evolving technological domain. More specifically, LLMs
represent a new case in which not only mental representations
like memories can be offloaded to an external artifact, but the
reasoning computations performed over those representations as
well. Under the CRUM framework adopted in this review, this
amounts to the offloading of both the representations and the
computations of cognition.

This externalization naturally leads to implications in
distributed cognition [10] and the extended mind theory [17],
raising the question of whether LLMs are best understood as
tools that scaffold cognition or as tools that extend the boundary
of it. The evidence from this review suggests that the answer
depends on operationalization. The structured use of LLMs may
genuinely bolster cognitive capacity in the way the extended
mind thesis envisions, while unstructured use may be better
thought of as a replacement that progressively atrophies our own
cognitive capacity. If we continue on the usage trajectory we are
on one could argute that it makes sense to incorporate LLMs as
a fundamental component of human cognition.

In real-world contexts, the recurring pattern in the research
of unstructured use maximizing immediate task performance
while structured use supports long-term capability can be
conceptualized as an efficiency-proficiency tradeoff.
Recognizing this tradeoff provides a decision framework for
various domains in which LLMs are used. In education, it’s
possible the value of an LLM interaction depends on whether
the goal is task completion or skill proficiency. Organization of
academic resources might be a suitable task for efficiency while
the fundamental knowledge encoding of concepts is better suited
for proficiency. In professional contexts such as legal analysis,
medical reasoning, and strategic decision-making, practitioners
must assess whether a given task demands independent expertise
or whether the delegation to an LLM has acceptable cognitive
cost. A financial analyst who offloads modeling to an LLM may
produce faster deliverables and which might translate to capital
gains but fail to develop the judgment that comes from wrestling
with the analysis.

C. Implications for Education, Policy, and Design

This efficiency-proficiency tradeoff has direct implications
for how LLMs are integrated going forward. In education, the
evidence suggests that unrestricted LLM access in learning
environments risks undermining the skill development that
education is meant to provide. The structured LLM usages
reviewed demonstrate that it is possible to design or
operationalize LLMs to enhance learning outcomes. So far, the
adoption evidence from Darvishi et al. and Han indicates that
students will not gravitate toward these modes voluntarily [37]
[38]. This places a responsibility on both students and
institutions to determine how LLMs are used and in what
context.



For policymakers, the societal risks formalized by Acemoglu
et al.'s knowledge-collapse model suggest that the question of
LLM regulation should be considered. If unstructured LLM use
at scale erodes the collective capacity for independent reasoning,
then policies governing LLMs must account for externalities.

The most responsibility may lie with the LLM designers.
The default configuration of current LLMs is the setup most
associated with cognitive offloading and long-term impairment.
Structured designs that scaffold rather than replace reasoning
exist and work, but they require deliberate implementation on
the user’s part. The gap between what is technically possible and
what users actually adopt suggests that effective structured LLM
design cannot rely on user initiative alone but must be embedded
into the default interaction.

V. CONCLUSION

I began this investigation with the assumption that LLM
usage was relatively uniform whose effects could be assessed as
awhole. What I learned is that this framing completely hides the
most important detail. When it comes to cognition, the
structured-unstructured LMM usage distinction is not a minor
methodological detail, it is the central factor of whether LLM
use fosters or impairs the cognitive abilities that matter most.
More importantly, I came away with the understanding that
LLMs are not inherently offloading tools. They can be
deliberately designed or used to scaffold reasoning rather than
replace it.

The central finding of this review is that the long-term
cognitive effects of LLM usage on critical thinking and its
underlying components hinge on how the model is
operationalized. Though longitudinal studies are greatly in need,
the available evidence points to a divide between two usage
modes that produce markedly different cognitive outcomes.

Unstructured LLM use, the default mode adopted by most
users, significantly increases task-time performance and
efficiency in critical thinking, metacognitive, and executive
function tasks, but significantly decreases the user's ability to
perform those tasks on their own over time. Cognitive
offloading functions as the primary mediating factor, with
support from cognitive load theory and dual-process theory
reinforcing the pattern. Structured LLM use produces the
inverse, reduced immediate task efficiency paired with stronger
encoding of the reasoning processes that constitute critical
thinking.

This distinction reframes the broader conversation around
LLMs and cognition. The question is not whether LLMs
themselves affect critical thinking but how we choose to use
them in specific contexts. The efficiency-proficiency tradeoff
identified in this review provides a decision framework for
navigating that choice. It implies that every LLM interaction
involves a decision between optimizing for immediate output
and investing in long-term cognitive capability. How we all as
individuals, students, and professionals negotiate that tradeoff
will have serious implications on determining whether LLMs
serve as tools that support human reasoning or systems that
replace it.

VI. LIMITATIONS

The most significant limitation of this review is the serious
lack of longitudinal studies across both structured and
unstructured usage domains. While LLMs have been publicly
accessible since late 2022, their reasoning capabilities have only
recently developed to a point where users rely on them for
higher-order cognitive work. The initial breakthrough, OpenAl's
o1 reasoning model, which introduced the concept of chain-of-
thought reasoning, reached general availability in late 2024 [54].
This timeline has left researchers an insufficient amount of time
to conduct rigorous longitudinal studies on the long-term
cognitive effects of reasoning LLMs. As a result, the long-term
conclusions drawn in this review rest on ex post facto survey
designs, semester-length classroom studies, and neuroimaging
snapshots.

The empirical literature on structured LLM use is
concentrated in educational settings, making it hard to
extrapolate the fostering effects to different domains.
Additionally, there is no known comparative studies that
systematically evaluate multiple structured LLM designs against
one another. The present review treats structured use as a general
category, but the specific scaffolding approach likely matters,
and no existing research maps these variations against one
another within a unified framework.

Future research should prioritize these directions. First and
foremost longitudinal studies that track everyday LLM users
over years would provide the empirical foundation that the
current literature lacks. Comparative studies evaluating different
structured LLM designs would clarify which scaffolding
approaches produce the strongest outcomes and in which
domains. Neuroimaging methodologies, which provided some
of the most compelling evidence in this review, should continue
to be integrated as the technology improves. Finally, behavioral
studies examining how people naturally operationalize LLMs
outside of controlled settings would ground the structured-
unstructured distinction in real-world usage patterns.
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