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Abstract 
The rapid diffusion of AI-based applications such as ChatGPT in 

academic and self-study environments has further stimulated debates on 

the effects of such applications on the development of critical thinking 

skills among students. This review will be a systematic review of the 

existing literature on this topic published from 2011 to 2026, both 

theoretical and experimental. Building on the cognitive load theory, 

self-regulated learning theory, Bloom's taxonomy revision, and 

cognitive offloading research, this paper develops an original Critical 

Thinking Paradox Model, which models both ways in which AI 

influences critical thinking through a reliance-dependent mathematical 

function. According to the synthesis, AI applications are effective at 

enhancing academic performance, motivational-affective state, and 

lower-order cognitive processes, but the evidence concerning higher-

order cognitive processes, metacognition, and autonomous reasoning is 

inconsistent and dependent upon scaffolding, tasks design, and students' 

AI skills. Neurophysiological data suggests reduced neural connectivity 

and decreased feeling of ownership among students writing essays 

without scaffolding from large-language models compared to 

unsupervised and search-engine-based essay writing. A comparative 

review of 15 representative studies is presented, along with five original 

figures and six mathematical formulations. Based on these findings, the 

paper provides practical recommendations for promoting AI literacy 

while preserving students' critical thinking skills in AI-supported 

educational environments. It also outlines key directions for future 

research, including longitudinal studies, cross-cultural investigations, 

and neuroscientific research. 
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INTRODUCTION 

Since 2022, the launch of large scale 

conversational AI tools has led to one of the 

most rapid technology adoption curves 

witnessed in education. A significant number of 

university students know about ChatGPT, and 

many of them regularly use it for their 

assignments, with some reports indicating that 

many of them use ChatGPT multiple times a 

week or even every day [3], [57]. However, this 

adoption happened far ahead of any institution 

policies and guidelines or cognitive impacts 

studies [58], [78]. 

Critical thinking, commonly referred to as a 

purposeful, self-regulatory judgment that leads 

to interpretation, analysis, evaluation, and 

inference [67], as well as being characterized 

by intellectual skepticism, evidence-based 

reasoning, and reflective self-correction [66], 

[70], has for many years been viewed as an 

essential learning outcome in higher education 

[93], [95]. The concern about the erosion of 

critical thinking due to the constant use of 

generative AI is certainly not new and can be 

seen in studies done over many decades on 

what has become known as the “Google effect” 

or digital amnesia, in which the anticipation of 

future information access decreases the 

probability that the information will actually be 

encoded [21], [34]. What is new is the scope, 

natural language capability, and authoritative 

nature of the output from generative AI. 

Literature on the topic of "Artificial 

Intelligence and Students' Cognition" is usually 

presented in two contrasting positions. 

According to the first view, Artificial 

Intelligence can positively influence the 

education process due to lower workload for 

unnecessary brain functions, individualized 

approach, and possibility to pay attention to 

more complicated thinking activities. 

Consequently, better results at school are 

expected from students and sometimes even 

their development of critical thinking [14], [17]. 

However, the second perspective focuses on 

possible threats of intensive use of AI. Too high 

reliance on artificial intelligence may result in 

the cognitive offloading process, lack of 

independent thinking, and disengagement from 

one's learning process. In addition, there are 

research findings about the lower neural 

engagement and sense of ownership due to the 

intensive use of AI [8], [12], [19]. 

Rather than discussing whether the use of AI is 

wholly positive or negative, it would be more 

productive to evaluate the situations when it 

either helps or inhibits critical thinking. It is the 

manner in which AI is used and the level of 

reliance of students on AI that affect its 

outcomes. 

This research is focused on the problem under 

analysis from four angles. Firstly, eighty 

articles from 2011 to 2026 are analyzed. 

Secondly, the Critical Thinking Paradox Model 

illustrating the effects of different levels of 

reliance on AI on critical thinking is offered. 

Thirdly, fifteen empirical articles are compared. 

Fourthly, suggestions concerning how to 

improve AI literacy without harming students' 

ability to think critically are made. 

The rest of the essay will be outlined as 

follows. The theoretical framework is given in 

section II, and the model in section III. The 

review method is covered in section IV, and the 

key findings in section V. 

Section VI presents the comparative review 

table. Section VII discusses moderating factors 

and domain-specific effects. Section VIII offers 

pedagogical recommendations. Sections IX and 

X address limitations and future research, and 

Section XI concludes. 

 

Theoretical Framework 

Bloom's Taxonomy and Higher-Order 

Thinking 
Classification of cognitive goals suggested by 

Bloom [64] and further evolution of Bloom’s 

taxonomy into six levels including 

remembering, understanding, applying, 

analyzing, evaluating, and creating [64] 

represents a traditional approach used for 

classification of cognitive activities in terms of 
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educational curriculums. According to recent 

researches, classification initially suggested is 

not capable of reflecting a cyclical and 

interactive nature of AI-education process 

during which students constantly refine their 

prompts and analyze machine-generated texts 

with help of lower and higher order cognitive 

skills [26]. No matter what new application of 

Bloom’s taxonomy is used in regard to the field 

of AI-assisted classrooms, it becomes clear that 

the use of AI technologies is highly effective in 

supporting lower-order cognitive tasks 

(remembering and understanding), but is rather 

limited in areas of analysis and evaluation 

without deliberate actions of educators [27], 

[31], [44]. 

 

Cognitive Load Theory 
The Cognitive Load Theory divides working 

memory capacity into three types of load: 

intrinsic load, which is the natural difficulty of 

the problem; extraneous load, which is the 

unnecessary load created due to bad 

instructional design; and germane load, which 

is the amount of load dedicated to schema 

construction [7], [8]. The use of generative AI 

technology reduces extraneous load. For 

instance, ChatGPT was found to reduce 

extraneous load in socio-scientific issues 

compared to conventional search engines [8]. 

However, when the AI technology takes care of 

the germane load along with the extraneous 

load, it restricts the effortful process needed for 

meaningful learning [8], [12]. 

 

Cognitive Offloading and Transactive 

Memory 
Cognitive offloading refers to the use of 

external physical or digital tools to reduce 

internal cognitive demand [71], building on 

Wegner's earlier concept of transactive 

memory, in which knowledge is distributed 

across individuals and external systems rather 

than stored entirely internally [72]. Sparrow, 

Liu, and Wegner's foundational experiments 

demonstrated that when participants expected 

future access to information via computer, they 

exhibited significantly lower recall of the 

information itself and enhanced recall of where 

to find it [21], a pattern subsequently replicated 

and extended across nine experiments and 

multiple meta-analytic reviews [23], [34]. 

Modern studies have expanded on this 

phenomenon by including generative AI in the 

list of applications where offloading has been 

observed to take place in terms of poor memory 

retention and passive consumption for people 

offloading tasks to an AI assistant [25], [36]. 

 

Self-Regulated Learning and Metacognition 
The SRL theory views successful learners as 

proactive individuals who plan, monitor, and 

evaluate their cognitive, motivational, and 

behavioral involvement in a task [43], [44]. 

Metacognitive monitoring, i.e., the capacity to 

reflect on and control one's cognitive process, is 

seen as a mandatory prerequisite for converting 

mere task performance at the surface level into 

real learning and independent decision-making 

[41], [46]. There is an increasing amount of 

research that confirms the existence of a 

specific concept known as metacognitive 

laziness, whereby excessive use of generative 

AI in evaluating tasks, such as assessing the 

quality of drafts based on the criteria of the 

task, makes students detach themselves from 

their metacognitive monitoring [8], [12], [15]. 

 

Automation Bias 
The phenomenon of automation bias refers to 

the well-established bias whereby human users 

tend to trust the advice coming from an 

automated source more than their own 

judgment, even in light of contrary information 

[33], [92]. Examining the literature in health 

care, public administration, and decision 

making in general, one can see that the trend is 

that automation bias is increased by system 

responses that are fluent and confident, and that 

training alone cannot overcome it [35], [57]. 

With chatbots that are based on artificial 

intelligence providing smooth and convincing 
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responses, students will find themselves falling 

prey to automation bias more easily compared 

to computer systems of the past [37], [39]. 

 

The Critical Thinking Paradox: A 

Conceptual Model 

Using the ideas mentioned previously, this 

paper proposes the Critical Thinking Paradox 

Model that will help understand how artificial 

intelligence is able to improve and impair 

critical thinking at the same time. It is a model 

that synthesizes the two opposite paths found in 

previous studies. The model treats a student's 

observed critical-thinking performance as a 

function of a single latent construct, the AI 

Reliance Index (R), moderated by AI literacy 

and instructional scaffolding. 

Let R ∈ [0, 1] be the ratio of the number of 

cognitive academic subtasks (information 

seeking, writing, analyzing, evaluating) that a 

student assigns to an artificial intelligence 

system instead of accomplishing on his/her 

own, as specified by relevant literature on the 

tracing of prompts [7], [9]. An approximate 

estimation of R for n tasks can be represented 

in the following way: 

  (          )                                                  
(1) 

where dᵢ = {0, 1}, depending on whether sub-

task i was delegated to the AI system, and wᵢ is 

the weighting of task importance. As per the 

cognitive load theory [7], cognitive load of a 

task is estimated in the following way: 

                                
                               ( ) 

As per research results, the impact of artificial 

intelligence on the task mainly reduces 

CL_extraneous, whereas the reduction of 

CL_germane increases non-linearly past a 

certain level of reliance [8], which accounts for 

the reverse relationship between reliance and 

performance of critical thinking presented in 

Fig. 2. 

The relationship can be expressed as follows: 

  ( )           (    )                                          
(3) 

where CT(R) is the indexed critical-thinking 

skill, CT₀ is the critical thinking skill without 

any assistance from AI technology, and 

      are experimentally measurable 

parameters of augmentation and decay. 

Equation (3) gives a unique interior maximum 

      , corresponding to the value of R that 

maximizes the augmentative effect of AI 

assistance in terms of scaffolding, feedback, 

and demonstration of the model before 

offloading begins to play the dominant role. 

Figure 2 presents this curve based on the 

chosen parameters (           ), 

consistent with the qualitative behavior of the 

phenomenon described in [8]–[12], [19], with 

the optimum being        , meaning that the 

AI assistance should be applied for one-third of 

cognitively challenging tasks. 

 
Fig. 2. Theoretical relationship between AI 

reliance and critical-thinking performance 

(Critical Thinking Paradox Model), showing an 

interior optimum beyond which offloading 

effects dominate augmentation effects 

However, the cognitive offloading function 

may also be modeled as a saturating function of 

total accumulated exposure to AI over time (t), 

as cognitive offloading occurs faster when the 

frequency of exposure is higher; however, after 

some time, the increase in cognitive offloading 

becomes marginal due to habituation effects 

[7], [9]. 
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  ( )        (   (    ))                                      
(4) 

  ( )is the cumulative amount of cognitive 

offloading,      is the maximum amount of 

cognitive offloading that it can achieve in the 

long term, and k is the habituation rate, which 

is the rate at which cognitive offloading occurs 

with increasing usage of the AI. According to 

Equations (3) and (4), the optimal point of 

reliance,   , does not remain constant but 

gradually moves towards lower sustainable 

reliance due to increased AI exposure. This 

trend is supported by longitudinal findings that 

demonstrate the reduction in neural 

connectivity and ownership of essays after four 

months of continuous exposure to large 

language models [19]. 

Two critical factors that affect this dynamic 

have been previously mentioned in other 

researches: AI literacy and instructional 

scaffolding. To incorporate the impact of these 

moderators, the regression equation below is 

used: 

                (   )                                                    
(5) 

Where L is the measure of AI literacy, S is the 

index of instructional scaffolding intensity, and 

ε is the error term.. A positive, significant β₃ 

would indicate that AI literacy attenuates the 

erosive effect of reliance on critical thinking—a 

hypothesis directly supported by survey 

evidence that AI literacy socially buffers the 

fatigue-mediated relationship between AI 

dependence and critical thinking [9]. Finally, 

regarding meta-analytic aggregation of the 

effect sizes reported from the various design 

types analyzed in Section V of this paper, the 

following Hedges’ g meta-analytic effect size 

formula is adopted: 

  [(     )         ]     

  (     )]                                      (6) 

where Mₑ and Mᴄ represent the mean critical 

thinking outcome score of the AI-assisted group 

and the control group respectively, and 

SD_pooled is the pooled standard deviation. 

 

 
Fig. 4. A concept model that demonstrates the 

effect that AI may have on students’ cognitive 

development via two paths with results 

contingent upon such variables as AI literacy, 

self-regulation, instruction design, and task 

difficulty 

 

Methodology 

The current paper utilizes systematic narrative 

synthesis approach as a tool for synthesis of 

heterogeneous research designs (such as 

randomized controlled trials, quasi-

experimental studies, cross-sectional surveys, 

neurophysiological researches, qualitative 

studies), which cannot be summarized into a 

quantitative meta-analysis due to lack of 

sufficient contextual information, based on 

systematic literature review guidelines for 

applied sciences [16], [22], [94]. Relevant 

sources have been selected by searching 

combinations of the following keywords: 

artificial intelligence, generative AI, ChatGPT, 

critical thinking, cognitive offloading, 

metacognition, higher order thinking limited to 

the period from 2011 to 2026 in major 

academic and preprint databases. The sources 

have been included in case they provided 

empirical results, theoretical framework, or 

systematic/meta-analytical synthesis related to 

cognitive effects of artificial intelligence on 

learners. Overall, eighty nine sources have been 
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found that meet these requirements and are 

cited in the current paper; additional works in 

the field of educational psychology and 

decision science have been included for the 

purpose of forming the theoretical framework, 

resulting in 92 citations. 

Extracted studies were coded thematically into 

six categories—academic performance, higher-

order thinking, cognitive offloading, 

metacognition, creativity/divergent thinking, 

and academic integrity—and each study's 

reported direction of effect was classified as 

predominantly positive, mixed/context-

dependent, or predominantly negative with 

respect to critical-thinking-relevant outcomes. 

This thematic distribution is summarized in Fig. 

1. In order to facilitate more clear comparative 

purposes, fifteen studies which directly 

assessed critical thinking or very similar higher-

order cognition measures were chosen for 

further scrutiny presented in **Table I**. Such 

studies were chosen to reflect a variety of 

research approaches, both experimental and 

quasi-experimental, survey, and 

neurophysiological, while placing emphasis on 

the most up-to-date research in the field. 

 
Fig. 5. Effectiveness of AI tool usage with 

regard to six critical-thinking-related themes 

from the literature reviewed. 

 

Findings 

Augmentative Effects on Academic 

Performance and Motivation 
In all studies considered here, it is the positive 

impact of generative AI on students' 

performance and motivation for learning that 

was found most consistently. In a meta-analysis 

of 69 experimental studies conducted during 

2022 and 2024, ChatGPT has been shown to 

improve students' academic performance, 

facilitate their affective and motivational 

results, support higher-order thinking, and 

decrease cognitive effort while performing 

learning tasks. Yet, it did not bring any 

improvement of students' self-efficacy [14], 

[17]. Another meta-analysis provides the same 

findings: the effect size of AI integration is 

positive and large in relation to academic 

performance (g = 0.924) [11]. The similar 

conclusions are provided by a comprehensive 

review of 29 experimental and quasi-

experimental studies, demonstrating the 

significant positive impact of generative AI on 

higher-order thinking, especially if a student 

actively formulates prompts [48]. 

 

Erosive Effects: Cognitive Offloading and 

Metacognitive Laziness 
Nevertheless, numerous scientifically sound 

findings reveal the disadvantages related to 

cognitive abilities. A randomized control study 

of argumentative essay writing revealed that 

constant reliance on the power of generative AI 

resulted in **metacognitive laziness** since 

students started depending on AI to assess the 

quality of the assignment, instead of doing it by 

themselves according to the criteria of the task 

[8]. Moreover, according to the results 

obtained, the students who relied on ChatGPT 

during the data gathering process exhibited 

lower reasoning and argumentation skills 

compared to those using conventional 

techniques of information gathering requiring 

intellectual efforts [8]. Such findings were 

revealed in the survey-based studies as well, 

https://portal.issn.org/resource/ISSN/3006-7030
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which showed that people using AI regularly 

are less likely to engage in deep learning or to 

apply critical thinking while facing novel and 

challenging situations [9]. This approach can 

result in **cognitive inertia** in the long run 

[9]. 

Another compelling piece of evidence is a 

controlled study of neurophysiology conducted 

at MIT. In this experiment, the participants 

were required to create their essays over three 

sessions in three different groups – by using the 

large language model (LLM), search engines, 

or nothing else [19]. Brain activity was tracked 

using electroencephalography (EEG). The 

group without the use of any tools 

demonstrated the highest level of brain 

connectivity; the users of the search engine 

were moderately active. The users of the large 

language model demonstrated the lowest levels 

of brain connectivity. Moreover, they did not 

feel as much ownership of their essays and had 

difficulties with memorizing and citing 

correctly what they had written before. When 

LLM users were asked to write an essay 

without any AI help in the fourth session, they 

still performed lower than the participants that 

did not use any help from the start [19]. While 

the later commentaries criticized the rather 

small size of the sample used in the study and 

limitations in describing it, the commentaries 

did not dispute the fact that people using the 

large language models demonstrate lower levels 

of brain activity [20]. 

The above result is based on previous findings 

related to the Google effect, where individuals 

who expected information to be available at a 

later point on the internet had reduced ability to 

recall information but increased ability to recall 

where to look for that information [21]. Such 

results were supported by later findings and 

meta-analysis of online searches [23]. The 

current findings indicate that this result is true 

for information searching using AI, as 

dependence on AI for information leads to 

reduced learning due to passive engagement 

with the information [25], [36]. 

Programming, Writing, and Domain-Specific 

Effects 
Even studies in specific domains confirm the 

offloading concept. The meta-study on the 

effects of generative AI on productivity and 

learning in programming education indicates 

that students utilizing AI tools to produce or 

correct their code often overlook essential parts 

of the learning process, like debugging or 

learning programming concepts, which is 

similar to offloading in other domains [10]. 

Vocational education research similarly 

documents a shift "from co-design to 

metacognitive laziness" as AI scaffolding 

intensity increases without corresponding 

critical-evaluation requirements [12]. In writing 

instruction, graduate-level research finds that 

AI's contribution to research competence is 

fully mediated by critical thinking, and that 

intrinsically motivated, evaluative AI use 

supports scientific creativity, whereas 

extrinsically motivated, default-acceptance use 

weakens innovative thinking [52]. 

 

Creativity and Divergent Thinking 
Overall, results concerning creativity tend to be 

somewhat more positive toward AI. The 

generative form of AI might augment divergent 

thinking by making students actively formulate 

questions for getting specific feedback, which 

is known to increase proactive engagement in 

learning [48]. When comparing human and 

artificial intelligence in terms of their divergent 

and convergent thinking test scores, modern 

large language models are able to achieve either 

equal or superior originality to average human 

scores on some tasks, whereas those humans 

who perform the best still outperform AI on 

other tasks [50]. On the other hand, the 

literature related to collective creativity reveals 

that while the individual benefits of generative 

AI for creativity can occur, this improvement 

may come with a decrease in the diversity of 

ideas generated by the population of users 

because many students choose the same AI 

suggestions [53]. 
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Academic Integrity as a Boundary Condition 
Academic integrity issues directly pertain to the 

practice of critical thinking, as the use of AI 

without disclosure eliminates the process of 

evaluation and revision, which is essential to 

the exercise and assessment of critical thinking. 

The proportion of disciplines that experienced 

academic misconduct cases related to AI 

increased from about 48% of institutions 

reporting such cases in 2022-23 to about 64% 

in 2024-25 [57]; at the same time, survey 

research shows that while a vast majority of 

college students in the United States reported 

their knowledge of academic integrity policies, 

only about one fifth of them view unauthorized 

use of AI as a violation of those policies [59]. 

This highlights the moral dissonance that exists 

between the institutional requirements and the 

opinions of students. 

 
Fig. 6. Selected survey-reported indicators of 

AI use and perceived impact on critical 

thinking and academic integrity. 

 

Comparative Review of Representative 

Studies 

Table I summarizes fifteen representative 

studies selected for methodological diversity 

and direct relevance to critical-thinking 

outcomes, drawn from the broader synthesis 

presented in Section V. 

Study 
Design / 

Sample 

Doma

in 

Report

ed 

Directi

on of 

Effect 

on 

Critical 

Thinki

ng / 

Cogniti

on 

Key 

Findin

g 

Kosm

yna et 

al. 

[19], 

2025 

RCT, 

EEG; 

n=54 (18 

in 

follow-

up) 

Essay 

writin

g 

Negativ

e 

(neural) 

LLM 

writers 

show 

weakest 

brain 

connect

ivity 

and 

lowest 

essay 

owners

hip vs. 

search-

engine 

and 

unaided 

groups. 

Deng 

et al. 

[14], 

2024 

Meta-

analysis, 

69 

experime

ntal 

studies 

Cross

-

domai

n 

Positive 

(perfor

mance) 

/ Mixed 

(HOT) 

ChatGP

T 

improv

es 

perform

ance 

and 

motivat

ion; 

effect 

on self-

efficacy 

non-

signific

ant. 
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Study 
Design / 

Sample 

Doma

in 

Report

ed 

Directi

on of 

Effect 

on 

Critical 

Thinki

ng / 

Cogniti

on 

Key 

Findin

g 

Szmyd 

& 

Mitera 

[1], 

2024 

Survey, 

universit

y 

students 

Cross

-

domai

n 

Mixed 

83% of 

student

s fear 

AI 

weaken

s 

indepen

dent 

thinkin

g 

despite 

valuing 

its 

analytic

al 

support

. 

Sparro

w, Liu 

& 

Wegne

r [21], 

2011 

4 lab 

experime

nts 

Mem

ory / 

recall 

Negativ

e 

(recall) 

Expecte

d future 

comput

er 

access 

reduces 

informa

tion 

recall; 

foundat

ional 

Google

-effect 

study. 

Fan et RCT, Writi Negativ ChatGP

Study 
Design / 

Sample 

Doma

in 

Report

ed 

Directi

on of 

Effect 

on 

Critical 

Thinki

ng / 

Cogniti

on 

Key 

Findin

g 

al. (in 

[12]), 

2025 

writing 

task 

comparis

on 

ng e 

(metaco

gnition) 

T-

support

ed 

writers 

show 

reduced 

self-

regulate

d 

learnin

g and 

metaco

gnitive 

engage

ment. 

Iqbal 

et al. 

[11], 

2025 

PLS-

SEM 

survey, 

n=465 

Teach

er 

educa

tion 

Positive 

GenAI 

use 

predicts 

academ

ic 

achieve

ment 

via 

shared 

metaco

gnition 

and 

cogniti

ve 

offloadi

ng 

(g=0.92

4 meta-
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Study 
Design / 

Sample 

Doma

in 

Report

ed 

Directi

on of 

Effect 

on 

Critical 

Thinki

ng / 

Cogniti

on 

Key 

Findin

g 

analytic 

effect 

cited). 

Gonsal

ves 

[26], 

2024 

Qualitati

ve, MSc 

students, 

4 weeks 

Mark

eting 

educa

tion 

Mixed 

AI both 

enhanc

es and 

challen

ges 

critical 

thinkin

g 

across 

cogniti

ve, 

affectiv

e, and 

metaco

gnitive 

domain

s. 

Meta-

analysi

s 

(PMC) 

[48], 

2025 

29 

experime

nts/quasi-

experime

nts 

Cross

-

domai

n 

Positive 

(HOT) 

Gen-AI 

improv

es 

higher-

order 

thinkin

g when 

tasks 

require 

active 

query 

constru

Study 
Design / 

Sample 

Doma

in 

Report

ed 

Directi

on of 

Effect 

on 

Critical 

Thinki

ng / 

Cogniti

on 

Key 

Findin

g 

ction. 

Doshi 

& 

Hauser 

[53], 

2024 

Field 

experime

nt 

Creati

ve 

writin

g 

Mixed 

Individ

ual 

creativi

ty rises 

but 

collecti

ve idea 

diversit

y falls 

with 

shared 

AI use. 

Cognit

ive 

offloa

ding 

study 

[7], 

2026 

Longitudi

nal, 

promptin

g 

analysis 

Cross

-

domai

n 

Negativ

e 

(offload

ing) 

Prompti

ng 

patterns 

reveal 

systema

tic 

cogniti

ve 

offloadi

ng over 

repeate

d AI-

assisted 

session

s. 

Progra

mming 

meta-

analysi

Meta-

analysis 

Comp

uter 

scienc

e 

Negativ

e 

(learnin

g) / 

AI 

boosts 

code-

task 
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Study 
Design / 

Sample 

Doma

in 

Report

ed 

Directi

on of 

Effect 

on 

Critical 

Thinki

ng / 

Cogniti

on 

Key 

Findin

g 

s [10], 

2026 

Positive 

(produc

tivity) 

complet

ion but 

reduces 

internal

ization 

of 

debuggi

ng and 

reasoni

ng 

skills. 

Learne

rs' AI 

depen

dence 

study 

[9], 

2025 

Survey, 

structural 

model 

Cross

-

domai

n 

Negativ

e 

(moder

ated) 

AI 

depend

ence 

reduces 

critical 

thinkin

g via 

fatigue; 

AI 

literacy 

buffers 

the 

effect. 

Bloom

-

taxono

my 

classro

om 

study 

[44], 

Mixed 

methods, 

n=72 

K-12 / 

Archit

ecture 

Positive 

AI-

support

ed 

project-

based 

learnin

g 

improv

Study 
Design / 

Sample 

Doma

in 

Report

ed 

Directi

on of 

Effect 

on 

Critical 

Thinki

ng / 

Cogniti

on 

Key 

Findin

g 

2024 es 

critical 

thinkin

g vs. 

control 

group. 

Chen 

et al. 

(in 

[59]), 

2024 

Survey, 

U.S. 

college 

students 

Acade

mic 

integr

ity 

Negativ

e 

(norms) 

Only 

21.3% 

of 

student

s regard 

undiscl

osed AI 

use as 

an 

integrit

y 

violatio

n 

despite 

policy 

awaren

ess. 

Retrac

ted 

meta-

analysi

s [16], 

2025 

Meta-

analysis 

(subsequ

ently 

retracted) 

Cross

-

domai

n 

Mixed 

Reporte

d 

mixed 

learnin

g-

perform

ance 

and 

higher-
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Study 
Design / 

Sample 

Doma

in 

Report

ed 

Directi

on of 

Effect 

on 

Critical 

Thinki

ng / 

Cogniti

on 

Key 

Findin

g 

order-

thinkin

g 

effects; 

illustrat

es 

literatur

e's 

method

ological 

volatilit

y. 

TABLE I. Comparative summary of fifteen 

representative studies on AI and student critical 

thinking, ordered to illustrate methodological 

and directional diversity across the reviewed 

literature. 

 

 
Fig. 7. Revised Bloom's taxonomy: AI 

augmentation potential versus cognitive 

offloading risk at each cognitive level, 

synthesized from the reviewed literature [26], 

[27], [31], [44]. 

 

Moderating Factors and Discussion 

AI Literacy as a Protective Factor 

The most obvious moderator revealed in the 

reviewed literature is AI literacy, which 

represents students' knowledge of how AI 

technology works, its limits, and proper 

verification techniques. Using structural-

equation modeling, it has been found that AI 

literacy serves as a social buffer between 

fatigue-mediated AI dependence and a 

reduction in critical thinking [9]. Further, 

scoping reviews of the AI-literacy framework 

have revealed that curricula focused on higher-

order engagement with AI technology, through 

analyzing, evaluating, and generating content 

using AI instead of just receiving it passively, 

yield better results in terms of long-term critical 

thinking development [28], [29]. This 

conclusion is supported by Equation (5) 

presented in Section III, where the interaction 

parameter   (   )is expected to be positive, 

since AI literacy will move a student's position 

on the reliance curve (see Fig. 2) towards the 

optimum R*. 

 

Instructional Design and Task Structure 
The task structure greatly impacts the 

outcomes. Research which involves students 

constructing and refining the prompts 

themselves instead of accepting initial output 

from the AI shows beneficial effects on higher 

order thinking skills [48], while research 

allowing single-turn offloading without any 

support shows most notable offloading and 

metacognitive laziness effects [8], [12]. This 

parallels the long tradition in instructional 

design which warns about the necessity to 

provide proper scaffolding in the use of 

discovery tools in order not to promote shallow 

learning [84], and aligns with engagement-

based models tying engagement levels directly 

to outcomes [85]. 
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Disciplinary and Task-Type Variation 
There are important differences between the 

effects depending on both discipline and kind 

of tasks. In programming learning there appears 

to be a tradeoff where performance increases 

while internalizing concepts becomes harder 

[10]. Creative writing and divergent thinking, 

on the other hand, are more likely to yield 

positive individual results and incur the costs of 

diversity within the group [50], [53]. Research 

methods and argumentation, which require the 

greatest amount of independent thinking, 

demonstrate the greatest detrimental effects due 

to uncritical use of AI [8], [52]. 

 

Reconciling the Augmentation and Erosion 

Narratives 
On balance, then, the data does not suggest an 

affirmative answer to either augmentation or 

erosion, but rather an affirmation of the 

conditional framework described in Section III, 

whereby AI usage is augmentative of critical 

thinking skills at lower and moderate levels of 

dependency, especially when coupled with 

active prompting, evaluative correction, and 

sufficient AI literacy, and is erosive when 

dependency moves into a full delegation 

condition, especially with regard to the 

evaluative and metacognitive subprocesses [8], 

[9], [19]. This is because, under the reframed 

research question, the issue for education is no 

longer how to allow the use of AI but rather 

how to use it. 

 

Pedagogical Recommendations 
From the results of this synthesis of literature, 

five recommendations arise on how to preserve 

and develop critical thinking in AI-infused 

learning environments. 

1) First, there needs to be an explicit focus on 

teaching AI literacy. The curricula should 

include training in AI-generated text production 

processes, their failure points (hallucination, 

bias, overconfidence), and the way texts can be 

verified, as the only proven effective protective 

moderator against offloading effect is AI 

literacy [9], [28]. 

2) Second, assessment should be rethought to 

incorporate visible process evaluation. Process-

visible assessment, where draft versions with 

revision records, oral defense of the work done 

with AI, and in-class reasoning checks take 

place, retains possibilities of evaluating and 

developing evaluative critical thinking skills 

that cannot be assessed by single submission 

formats [58], [60]. 

3) Third, there should be assignments 

encouraging evaluative AI engagement. 

Iterative prompting, AI-generated drafts 

critique, and error identification in AI output 

bring students into the augmentation dominance 

area of the reliance curve (see Fig. 2) [48], [8]. 

4) Calibrate AI scaffolding to task type and 

cognitive level. Given the asymmetry 

documented in Fig. 3, instructors should permit 

or encourage AI support for lower-tier tasks 

(remembering, understanding) while reserving 

analyzing, evaluating, and creating tasks for 

greater independent effort, consistent with 

revised-Bloom's-taxonomy applications in AI-

supported classrooms [27], [31]. 

5) Monitor cumulative exposure, not only 

single-session use. Because Equation (4) 

implies that offloading effects compound with 

cumulative exposure time, institutions should 

track longitudinal patterns of AI reliance across 

a program of study rather than evaluating AI 

use only at the level of individual assignments 

[7], [19]. 

 

Limitations 
There are numerous limitations to this 

synthesis. First, since it is a narrative and not a 

quantitative meta-analysis, there was no 

statistical pooling of effect sizes from the 

diverse methods analyzed above, while 

Equation (6) has been provided only as an 

example of methodology for a future 

quantitative synthesis. The second limitation 

relates to the predominance of studies carried 

out between 2023 and 2026 in this review, 
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which is a time of rapid changes in the 

development of models; results that rely on 

older versions of AI or those that were 

subsequently superseded may lack 

generalizability [19]. The third limitation stems 

from the fact that a widely cited meta-analysis 

used in the larger thematic synthesis was 

recently retracted [16]. The fourth limitation 

relates to the prevalence of cross-sectional or 

short-term studies; longitudinal evidence from a 

complete degree program is sparse, and thus the 

mechanisms discussed above as reflected in Eq. 

(4) are hard to interpret. Finally, the values of 

the coefficients (           ) used for 

illustrating the Critical Thinking Paradox 

Model in Fig. 2 are purely illustrative and 

approximate and reflect the pattern of results 

obtained in the reviewed literature but not any 

primary data analysis 

 

Future Research Directions 
Several areas deserve greater attention in future 

research, many of which have already been 

identified as gaps in the existing literature. [2]. 

1) Longitudinal cohort study. In the future, it is 

important to conduct longitudinal studies where 

the same group of students is observed for 

several years to reveal the impact of continuous 

usage of AI technologies on the development of 

critical thinking skills. The described approach 

will allow finding out whether the discovered 

shifts are temporary or persistent over time, 

according to Equation (4) [2], [17]. 

2) Comparative studies with various AI 

technologies. Current neurophysiological and 

empirical researches are mostly concentrated on 

one type of AI model. It is necessary to conduct 

comparative studies using various modern AI 

technologies in order to find out whether the 

tendency of using AI and its effect on the 

process of thinking depend on certain AI 

technology or not [19]. 

3) Empirical testing of the Critical Thinking 

Paradox Model:** It would be helpful for 

future research to concentrate on the empirical 

verification of the suggested model with the 

help of real-life data. The coefficients of 

Equations (3)-(5) can be estimated based on 

actual people’s reliance on artificial intelligence 

in various situations in order to test whether the 

existence of R* as well as the model itself can 

be proven. 

4) Research in different countries and 

neurosciences: Additional studies in different 

countries are required since all the previous 

research was mostly done in a few countries. 

Such research would help to make the results 

more generalizable. Furthermore, it would be 

interesting to do some neuroscientific research 

in order to prove whether the mentioned 

changes in the neural connections are long-term 

or they are just situational 

 

Conclusion 
However, the impact of artificial intelligence on 

students' critical thinking skills cannot be seen 

as uniformly positive or negative—it depends 

on the extent of reliance, the nature of the tasks, 

AI proficiency, and instructional support. Based 

on synthesized information from more than 

eighty sources, the current paper has formulated 

a novel concept—a Critical Thinking Paradox 

Model—which reflects this conditionality 

through the explicit definition of a functional 

dependence between AI reliance and critical-

thinking performance in mathematical terms. 

Synthesized evidence suggests clear academic 

and motivational improvements, inconclusive 

and somewhat more positive effects on 

creativity, and unambiguous cognitive 

offloading, metacognitive laziness, and lower 

neural activity in the conditions of high-level, 

non-scaffolded reliance on AI. In other words, 

AI should not be viewed as something which 

negatively impacts the students' critical 

thinking skills or as a tool which positively 

influences them—independently from the task. 

Instead, it is a cognitive technology that, 

depending on the learner, the task, and the way 

it is used, may have certain consequences for 

the students' cognitive activities. In terms of the 

growing implementation of generative AI into 
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educational practice, the major task ahead for 

researchers and educators is how to organize 

learning environment in such a way that keeps 

the learners within the augmentation-dominant 

area of cognitive development 
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