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Abstract

The rapid adoption of generative artificial intelligence (AI) in higher education has raised
important questions about its impact on students’ cognitive processes. While AI can sup-
port learning and problem-solving, concerns have emerged regarding its influence on
independent thinking. This study examines whether students perceive AI primarily as a
cognitive complement or as a replacement for their own thinking, and how these percep-
tions relate to cognitive outcomes. Data were collected from N = 93 university students
at a Hungarian university; analyses were conducted on the subsample of n = 73 AI users.
Exploratory factor analysis identified three cognitive dimensions, and correlation and
regression analyses examined relationships among AI use patterns, perceived AI role, and
cognitive outcomes. The results indicate that perceiving AI as a complement to one’s own
thinking is positively associated with cognitive independence and represents its strongest
predictor. In contrast, neither the frequency nor the specific purposes of AI use significantly
predicted cognitive independence. An exploratory analysis further revealed a positive
association between AI use for coding and problem-solving and perceived cognitive aug-
mentation. Nonetheless, given the exploratory nature of the study and the single-institution
sample, these insights should be regarded as preliminary. Additionally, the cognitive aug-
mentation framework (H3) yielded only partial empirical support, characterized by a single
significant predictor embedded within an overall non-significant model. These findings
suggest that the cognitive consequences of AI depend less on usage intensity and more on
how students conceptualize AI’s role in their thinking processes.

Keywords: artificial intelligence (AI); creativity; cognitive independence; cognitive
augmentation; cognitive offloading; higher education

1. Introduction
Generative artificial intelligence (AI) tools—including Google’s Gemini, OpenAI’s

ChatGPT, Anthropic’s Claude, and other applications based on large language models
(LLMs)—have rapidly become defining components of higher education learning environ-
ments. Their emergence is reshaping established practices of information access, knowledge
processing, idea generation, and problem-solving [1,2]. Students increasingly incorporate
these technologies into their academic work, using them to organize information, structure

Computers 2026, 15, 507 https://doi.org/10.3390/computers15080507

https://crossmark.crossref.org/dialog?doi=10.3390/computers15080507&domain=pdf&date_stamp=2026-08-06
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/computers
https://www.mdpi.com
https://orcid.org/0000-0002-8460-640X
https://orcid.org/0009-0005-1661-5055
https://orcid.org/0009-0005-8186-9879
https://orcid.org/0000-0001-8539-670X
https://doi.org/10.3390/computers15080507


Computers 2026, 15, 507 2 of 19

arguments, explore alternative solutions, and support tasks that require both creative and
analytical thinking [2,3].

This transformation raises important research questions about how AI use relates to
students’ independent thinking, creativity, and cognitive flexibility. Its influence, however,
is not one-dimensional. While AI can function as a cognitive partner that extends and
augments human capabilities, its uncritical use may lead to the superficial outsourcing of
intellectual effort. Against this backdrop, the present study examines the transformative
implications of AI use for student cognition, focusing on the tension between cognitive
augmentation and cognitive replacement.

1.1. Research Problem

Although generative AI has become an increasingly prominent area of inquiry in
higher education research, its cognitive consequences for students’ creativity, cognitive
flexibility, and independent thinking remain insufficiently understood. Recent systematic
reviews indicate that recurring areas of focus in this field include the integration of genera-
tive AI into teaching and learning, the redesign of assessment practices, academic integrity,
ethical and regulatory issues, and the examination of student learning outcomes [2,4,5].
These approaches highlight the pedagogical, methodological, and normative challenges
faced by higher education institutions and instructors as generative AI becomes increas-
ingly widespread. At the same time, the examination of internal cognitive mechanisms
underlying creativity, originality, and cognitive flexibility constitutes a distinct theoretical
and methodological problem, since the effects of AI use cannot be inferred solely from
frequency of use or from the technology’s general educational applicability.

A differentiated understanding of creativity is particularly important when examining
the cognitive consequences of AI use. Creativity cannot be reduced to a single perfor-
mance dimension, as idea generation, divergent thinking, originality, and the quality of
creative products may be associated with distinct cognitive mechanisms [6,7]. Experimen-
tal evidence from Doshi and Hauser suggests that access to generative AI may increase
evaluations of individual creative performance, while the stories produced may become
more similar to one another, indicating a potential decline in collective diversity [8].

Furthermore, cognitive flexibility is essential in this context, as it refers to the ability to
recognize alternative perspectives, adapt to changing situations, and reorganize thinking
strategies [9]. Generative AI may support this process by offering new perspectives and
possible solutions. However, excessive reliance on AI may reduce internal cognitive effort
and may be negatively associated with critical thinking [10]. Consequently, AI use should
not be treated as a single undifferentiated variable. It is necessary to examine separately
whether students use the tool to complement their own thinking or to partially substitute
cognitive operations. This approach provides the theoretical basis for examining AI use
through the lenses of cognitive augmentation, cognitive offloading, and differentiated con-
ceptions of creativity, with particular attention to perceived cognitive independence, idea
generation, originality, and flexible problem solving. While objective performance tasks
provide valuable quantifiable data, focusing on students’ subjective perceptions is crucial,
as individual self-report measures capture the internalized, psychological framework that
directly shapes daily AI adoption patterns and long-term cognitive reliance.

1.2. Literature Review
1.2.1. Extended Cognition

According to the theory of extended cognition, thinking extends beyond the individ-
ual’s biological cognitive system and, under certain conditions, may encompass external
artifacts and technological systems. In Clark and Chalmers’ extended mind thesis, the
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boundary of a cognitive process cannot be automatically equated with the boundary of the
biological individual: when an external representation or tool performs the same functional
role in problem solving as an internal cognitive operation and is stably integrated into
the organization of the individual’s behavior, it may be considered part of the cognitive
system [11] (pp. 8–9, 17).

Although the extended mind thesis has faced theoretical scrutiny—particularly regard-
ing the exact criteria for cognitive coupling and the boundaries of mental architecture—it
provides a relevant theoretical basis for investigating the pervasive integration of contem-
porary AI tools. With the development of digital technologies, the question of extended
cognition has increasingly shifted toward examining human–technology collaboration and
external cognitive resources. Within this framework, generative artificial intelligence can be
understood as a technological environment that actively participates in the structuring of
thinking processes [12]. AI-based cognitive extension can be interpreted as cognitive aug-
mentation, that is, as a supportive complement to thinking, when the responses generated
by the tool prompt the user to engage in further interpretation, verification, and revision.
Hernández-Orallo and Vold use the concept of AI extenders to refer to systems situated
along a continuum between external tools and human cognitive functioning, thereby po-
sitioning AI as a technological component that expands human cognitive capacities [13]
(pp. 507–508). In this sense, generative AI may serve as a complement to students’ thinking
when they use the tool to formulate questions, compare alternatives, refine their arguments,
and reflectively develop their work.

1.2.2. Cognitive Offloading

The perspective of extended cognition highlights the augmentative potential of AI
use, yet it does not fully account for situations in which reliance on external technological
resources is accompanied by a reduction in one’s own cognitive effort. This issue can be
examined through the theory of cognitive offloading.

Cognitive offloading is a strategy whereby individuals use external tools or environ-
mental cues to reduce the cognitive demands of a task. According to Risko and Gilbert’s
definition, cognitive offloading refers to modifying a task’s information-processing re-
quirements through physical or technological means, thereby reducing internal cognitive
load [14]. This strategy can adaptively reduce working memory demands, accelerate task
completion, and free cognitive resources for more complex operations. Its cognitive conse-
quences depend on the type of operations being offloaded, as well as on the extent to which
the user remains involved in interpreting information, verifying outputs, and participating
in decision-making processes.

With the emergence of generative AI and large language models (LLMs), the dynamics
of cognitive offloading have undergone a fundamental transformation. In the case of
traditional digital tools, such as search engines or static databases, offloading was typ-
ically directed toward deterministic, well-defined information-retrieval operations. By
contrast, interaction with AI-based systems gives rise to a stochastic, partly agentic form of
partnership [15–18]. In this context, reducing internal cognitive load may paradoxically
increase the need for metacognitive monitoring and critical verification, since users must
also evaluate the epistemic reliability of AI-generated responses [14]. This challenge be-
comes particularly salient in AI-assisted decision making, where users may over-rely on
automated outputs unless they actively engage in critical evaluation [19]. When users fail
to verify AI-generated outputs retrospectively, the adaptive function of cognitive offloading
becomes compromised. Automation bias refers to the tendency to over-trust automated
recommendations even when they are incorrect [20]. Automation complacency describes
reduced vigilance during interaction with automated systems [21]. A related phenomenon

https://doi.org/10.3390/computers15080507

https://doi.org/10.3390/computers15080507


Computers 2026, 15, 507 4 of 19

is the out-of-the-loop performance problem, whereby prolonged reliance on automation
diminishes users’ ability to monitor system performance and intervene effectively [22].
More recently, these mechanisms have also been interpreted as manifestations of cognitive
underloading in AI-supported cognition [19].

Over time, this process may lead to the gradual erosion of internal problem-solving
competencies, or de-skilling, because the sustained absence of internal cognitive effort
inhibits deep information processing, semantic elaboration, and schema formation [22–24].

Accordingly, the effectiveness of contemporary AI-based cognitive extension depends
on metacognitive control and epistemic integration. Building on Kirsh and Maglio’s classi-
cal distinction, AI use requires a differentiation between pragmatic actions, whose purpose
is the physical and rapid execution of a task, and epistemic actions, whose purpose is to
facilitate the internal mental representation and understanding of the task through iterative
dialog with AI [25] (pp. 513–515). AI can function as a genuine cognitive extender only
when the tool keeps the individual’s executive functions engaged and, as part of a dis-
tributed cognitive architecture, prompts the human agent toward higher-level abstraction,
conceptual validation, and continuous reinterpretation [13,26,27].

1.2.3. Conceptualizations of Creativity

In the scientific study of creativity, the literature has traditionally drawn on Guilford’s
model of divergent thinking, which operationalizes creative potential through subcompo-
nents such as fluency in idea generation, flexibility in shifting between categories, and the
uniqueness of ideas, that is, originality [6,7,28,29]. The integration of generative AI and
large language models into higher education reconfigures the relationship among these
components, giving rise to a paradox in which creative performance may be enhanced
while creative outputs simultaneously become more homogenized [8,30,31]. Although
the present study does not directly assess creative performance, these conceptualizations
provide the theoretical framework for interpreting students’ perceptions of AI’s role in
creative thinking.

Beyond divergent thinking, creativity has also been linked to deep cognitive engage-
ment and supportive learning environments. Flow theory emphasizes sustained attention
and intrinsic engagement [32], whereas Robinson and Aronica argue that educational
contexts should encourage autonomy, experimentation, and intellectual risk-taking [33].
From this perspective, generative AI raises important questions about whether it promotes
creative autonomy or increases reliance on externally generated solutions.

Theoretical and empirical studies suggest that LLMs are well suited to supporting the
early associative phase of divergent thinking. By combining semantically distant concepts,
AI can provide rapid inspiration and facilitate perspective shifts, thereby functioning as
a form of cognitive augmentation [12,17,29,30]. In this sense, AI may serve as an external
associative resource that supports higher-order synthesis.

At the same time, originality—another critical component of creativity, defined in
the literature as the combination of statistical rarity and contextual relevance—may be
compromised when the interaction shifts into the domain of cognitive outsourcing [7,28].
When students use AI as a source of ready-made solutions rather than as a partner for
initiating ideas, cognitive fixation, including design fixation, and response homogenization
may occur [34,35]. Because LLM outputs are shaped by the statistical regularities of their
training data, the ideas they generate, although relevant and linguistically fluent, tend to
reflect high-probability cultural-semantic patterns. As a result, they may support fluent
idea generation while also increasing the risk of response homogenization and reducing
the likelihood of genuinely rare or conceptually original outputs [17,31].
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If students abandon metacognitive monitoring and critical evaluation, they may
rely uncritically on AI-generated responses [14,20,36]. Such reliance may reduce deeper
cognitive processing and increase the risk of apparent rather than genuinely original idea
generation [8,23,31]. Thus, AI may either stimulate divergent thinking as a cognitive
complement or contribute to cognitive offloading and reduced originality when used as a
substitute for thinking.

1.3. Research Gap and Objective

Existing research on generative AI in higher education has mainly examined adoption,
usage frequency, pedagogical integration, academic integrity, and general learning support.
Less is known about how students position AI within their own thinking processes and
whether this perceived role is related to their sense of cognitive independence.

This study addresses this gap by examining the relationship between perceived AI
role, AI usage patterns, perceived cognitive independence, and perceived cognitive aug-
mentation among university students. Specifically, it investigates whether perceiving
AI as a cognitive complement, rather than a cognitive replacement, is associated with
higher perceived cognitive independence and whether specific AI use cases are linked
to augmentation-oriented perceptions. Because the study focuses on students’ subjective
positioning of AI within their own cognitive processes, the perceived role of AI was op-
erationalized using a single self-classification item designed to capture this conceptual
distinction.

By focusing on students’ subjective positioning of AI, the study contributes to a more
differentiated understanding of generative AI use in higher education.

1.4. Research Questions and Hypotheses

Building on the literature concerning AI-supported learning, cognitive augmentation,
and cognitive independence, this study addresses the following research questions:

RQ1. How does students’ perception of AI as a cognitive complement versus a
cognitive replacement relate to their cognitive independence?

RQ2. To what extent do different AI usage patterns explain students’ cognitive inde-
pendence?

RQ3. Which AI usage patterns are associated with the perception of AI as a cognitive
augmentation tool?

The theoretical framework suggests that students’ perceptions of AI and the ways
they use it reflect different modes of cognitive engagement. Accordingly, perceiving AI
as a cognitive complement rather than a replacement was expected to be associated with
higher perceived cognitive independence. At the same time, different AI usage patterns
were expected to differ in their cognitive demands. Information seeking primarily supports
information retrieval, whereas note-taking and summarization facilitate knowledge organi-
zation. Language support mainly assists linguistic formulation, while coding and problem
solving require iterative reasoning, evaluation, and refinement. Creative content creation
directly targets idea generation and divergent thinking. Consequently, these different
usage patterns were expected to show different associations with perceived cognitive inde-
pendence and cognitive augmentation. Based on these research questions, the following
hypotheses were formulated:

H1. Students who perceive AI as a cognitive complement rather than a cognitive replacement will
report higher levels of cognitive independence.

H2. AI usage patterns (e.g., information seeking, note-taking, language support, coding, and
creative content creation) significantly predict cognitive independence.
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H3. AI use for coding and problem-solving is positively associated with perceived AI cognitive
augmentation.

Figure 1 illustrates the conceptual model developed based on the analysis of the
hypotheses.

Figure 1. Conceptual model.

2. Materials and Methods
This section describes the study participants, measurement instruments, and statistical

procedures used to investigate the relationships between AI use, perceived AI role, cognitive
independence, and perceived cognitive augmentation among university students. First,
the characteristics of the study sample are presented, followed by a description of the
survey measures and the data analysis procedures employed to test the research questions
and hypotheses.

2.1. Participants

Data were collected at Eszterházy Károly Catholic University using a structured ques-
tionnaire designed to examine university students’ AI use, perceptions of AI, and cognitive
characteristics related to learning and also problem solving. Participants were recruited
using convenience sampling during university courses. Participation was voluntary and
anonymous. A total of 93 part-time students completed this survey. Because the study’s
primary focus was the relationship between AI use and cognitive outcomes, only respon-
dents who reported using AI tools in education were included in the statistical analyses.
Consequently, the final analytical sample consisted of 73 AI users (78.5% of the original
sample), whereas the 20 participants who reported not using AI tools were excluded, as
they could not provide meaningful responses to the AI-related constructs examined in this
study. The original sample consisted of 53 females (57.0%) and 40 males (43.0%) partici-
pants. Respondents represented a broad range of age groups, with the largest proportion
belonging to the 41–50 age category (38.7%), followed by the 34–41 age group (19.4%), the
26–33 age group (16.1%), the 18–25 age group (14.0%), and participants above 50 years of
age (11.8%). Regarding educational attainment, most survey respondents held a Master’s
degree (53.8%), followed by a Bachelor’s degree (19.4%), a college degree (16.1%), and
a secondary school qualification (9.7%). One participant (1.1%) reported holding a PhD
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degree. Survey participants were also asked to identify the academic orientation that
best described them. The majority classified themselves as belonging to humanities and
education-related disciplines (63.4%), while 28.0% identified with science-related fields and
8.6% with public administration, law, military, or related disciplines. As the study was
conducted at a single Hungarian university and the sample was predominantly composed
of students from humanities and education-related disciplines, the findings should not
be considered representative of the broader higher education student population or of all
academic fields. This limitation should be considered when interpreting the results.

Furthermore, the demographic characteristics of the full sample are presented in
Table 1. All subsequent statistical analyses reported in this study were conducted using the
AI-user subsample (n = 73). The demographic characteristics of the sample are presented
in Table 1.

Table 1. Demographic characteristics of the sample.

Variable Category n %

Gender Female 53 57.0
Male 40 43.0

Age Group 18–25 years 13 14.0
26–33 years 15 16.1
34–41 years 18 19.4
41–50 years 36 38.7
Above 50 years 11 11.8

Educational Attainment Secondary School 9 9.7
College Degree 15 16.1
Bachelor’s Degree 18 19.4
Master’s Degree 50 53.8
PhD 1 1.1

Academic Orientation Humanities and Education 59 63.4
Science-related Disciplines 26 28.0
Public Administration, Law, and Related Fields 8 8.6

2.2. Measures

First and foremost, it is important to note that the study employed a structured ques-
tionnaire originally developed in Hungarian and subsequently translated into English
for publication purposes. The questionnaire was administered in Hungarian, the native
language of all participants. The English wording of the questionnaire items presented
in this article was prepared solely for publication purposes. No formal back-translation
procedure or pilot testing was conducted prior to data collection. Furthermore, the instru-
ment assessed students’ AI use, perceptions of AI, and cognitive characteristics related to
learning, creativity, and problem solving.

Participants first reported whether they used AI tools and indicated the frequency of
their use. In addition, respondents identified the purposes for which they most frequently
employed AI. Multiple responses were permitted, including information-seeking, note-
taking and summarization, language support and translation, coding and problem-solving,
creative content creation, and other purposes. For statistical analyses, these categories were
transformed into binary variables indicating whether a particular use case was selected.

To assess the perceived role of AI in students’ thinking processes, respondents were
asked to indicate the extent to which they viewed AI as complementing or replacing
their own thinking. Responses were recorded on a five-point scale ranging from 1 (com-
pletely replaces) to 5 (completely complements), with higher values indicating a stronger
perception of AI as a cognitive complement. Perceived AI role was assessed using a
single-item measure. Although this approach enabled respondents to position AI along
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a complement–replacement continuum, single-item measures do not permit internal consis-
tency estimation and may not fully capture the multidimensional nature of the construct.
Consequently, findings related to this variable should be interpreted with appropriate caution.

The questionnaire further included ten self-developed statements, not adapted from
an existing validated instrument, designed to measure creativity-related cognitions, cog-
nitive flexibility, adaptive problem-solving tendencies, and perceived cognitive effects of
AI use. Respondents evaluated each statement using a five-point Likert scale ranging
from 1 (strongly disagree) to 5 (strongly agree). Two negatively worded items (“Using
AI tools reduces my originality” and “Using AI makes it more difficult for me to think
independently”) were reverse-coded prior to the factor and reliability analyses. These ten
items were subsequently subjected to exploratory factor analysis, resulting in three latent
dimensions: Cognitive Flexibility and Adaptive Problem Solving, Perceived AI Cognitive
Augmentation, and Perceived Cognitive Independence.

In the present study, cognitive independence is operationalized as students’ self-
reported perception of their ability to generate original ideas, identify novel connections,
and maintain autonomous thinking when using AI-supported tools. Therefore, the con-
struct reflects subjective perceptions of intellectual autonomy rather than objective measures
of independent cognitive performance.

It should be noted that AI usage patterns were operationalized as binary indicators
(0 = not used for a given purpose, 1 = used). This approach captures the presence of different
AI use cases but does not reflect the intensity or frequency of use within each category.

2.3. Data Analysis

Data were analyzed using IBM SPSS Statistics for Windows, Version 31.0 (IBM Corp.,
Armonk, NY, USA). Prior to hypothesis testing, an exploratory factor analysis (EFA) was
conducted to identify the latent structure underlying the ten cognitive and AI-related
questionnaire items. The suitability of the data for factor analysis was assessed using the
Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy and Bartlett’s test of sphericity.
Factors were extracted using Principal Axis Factoring (PAF) with Direct Oblimin rotation,
allowing for potential correlations among the extracted dimensions. Internal consistency of
the resulting factors was evaluated using Cronbach’s alpha coefficients.

Following factor extraction, descriptive statistics were calculated for all study vari-
ables, including means and standard deviations. Pearson correlation analyses were then
performed to examine bivariate relationships among the identified factors, AI use frequency,
AI usage patterns, and perceived AI role.

To test the proposed hypotheses, both simple and multiple linear regression analyses
were conducted. The first regression model examined the relationship between perceived AI
role and cognitive independence. Subsequently, a multiple regression model was estimated
to assess the extent to which AI usage patterns and perceived AI role predicted cognitive
independence. Finally, an exploratory regression analysis was conducted to investigate
predictors of perceived AI cognitive augmentation. Statistical significance was evaluated
at the 0.05 level for all analyses. Multicollinearity diagnostics indicated no substantial
collinearity problems among the predictors (all VIF values were below 5).

A post hoc power analysis was conducted using G*Power 3.1.9.7 (Heinrich Heine
University Düsseldorf, Düsseldorf, Germany) (F tests, linear multiple regression: fixed
model, R2 deviation from zero). Based on the largest regression model (n = 73, seven
predictors, α = 0.05, f2 = 0.295), the achieved statistical power was 0.918, indicating that the
study had adequate power to detect medium-to-large effects.

Because the study included multiple correlation and regression analyses, no formal
correction for multiple comparisons (e.g., Bonferroni adjustment) was applied. Given the
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exploratory nature of the study and its theory-driven hypotheses, statistical significance was
evaluated using the conventional threshold of p < 0.05. Nevertheless, the possibility of Type
I error inflation should be considered when interpreting the findings, particularly those
from the exploratory analyses. Accordingly, emphasis was placed on the consistency and
theoretical coherence of the overall pattern of findings rather than on isolated statistically
significant results.

2.4. Ethical Considerations

Participation in the study was voluntary and anonymous. Prior to completing the
questionnaire, respondents were informed about the purpose of the research and the in-
tended use of the collected data. No personally identifiable information was collected,
and all responses were processed confidentially and used exclusively for research pur-
poses. Participants were free to discontinue their participation at any time without any
consequences. Further details regarding the institutional ethical framework and informed
consent procedures are provided in the Institutional Review Board Statement and Informed
Consent Statement in the back matter.

2.5. Generative AI Statement

Generative AI tools were used exclusively for language editing, stylistic refinement,
and the preparation of selected visual materials. All research design decisions, data analy-
ses, interpretations, and scientific conclusions were performed and verified by the authors.
No AI tools were used to generate, analyze, or interpret research data. All scientific
decisions and conclusions were made by the authors.

3. Results
This section presents the results of statistical analyses examining the relationships

among students’ AI-related perceptions, AI usage patterns, and cognitive outcomes. First,
an exploratory factor analysis was performed to identify the underlying dimensions of the
cognitive and AI-related questionnaire items and to assess the reliability of the resulting
factors. Subsequently, descriptive statistics and correlation analyses were conducted.
Finally, a series of regression analyses was performed to test the proposed hypotheses
regarding cognitive independence and perceived AI cognitive augmentation.

3.1. Exploratory Factor Analysis and Reliability Assessment

To identify the underlying dimensions of the ten cognitive and AI-related question-
naire items, an exploratory factor analysis (EFA) was conducted using Principal Axis
Factoring (PAF) with Direct Oblimin rotation. Prior to extraction, the suitability of the data
for factor analysis was assessed. The Kaiser-Meyer-Olkin (KMO) measure of sampling
adequacy was 0.636, indicating an acceptable level of common variance among the vari-
ables. Bartlett’s test of sphericity was statistically significant (χ2(45) = 172.714, p < 0.001),
confirming that the correlation matrix was suitable for factor analysis.

Direct Oblimin rotation was selected because the study assumed that the underlying
psychological constructs (cognitive flexibility, perceived AI cognitive augmentation, and
perceived cognitive independence) were conceptually related rather than entirely indepen-
dent. Oblique rotation is generally recommended when latent constructs are expected to
exhibit at least some degree of correlation, even if the observed inter-factor correlations
are modest. Consequently, Direct Oblimin was considered more theoretically appropriate
than an orthogonal rotation (e.g., Varimax) for the purposes of this exploratory analysis.
Although the observed inter-factor correlations were relatively low, they were not assumed
to be strictly zero; therefore, an oblique rotation remained appropriate for the exploratory
objectives of the study.
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Based on the Kaiser criterion (eigenvalues > 1), three factors were retained, jointly
explaining 60.68% of the total variance. Examination of the rotated factor structure revealed
three interpretable dimensions. The first factor, labeled Cognitive Flexibility and Adaptive
Problem Solving, consisted of four items reflecting flexible thinking, strategy adaptation,
and openness to alternative solutions. The second factor, Perceived AI Cognitive Augmen-
tation, included two items that captured the perceived contribution of AI to creativity and
perspective-taking. The third factor, titled Perceived Cognitive Independence, consisted of
four items reflecting perceived originality, independent thinking, and novel idea generation
in the context of AI use.

Internal consistency was subsequently assessed using Cronbach’s alpha. The reliability
coefficients were acceptable for exploratory research, with α = 0.679 for Cognitive Flexibility
and Adaptive Problem Solving, α = 0.640 for Perceived AI Cognitive Augmentation,
and α = 0.645 for Perceived Cognitive Independence. Given the exploratory nature of
the study and the relatively small number of items loading on each factor, these values
were considered satisfactory for subsequent analyses. Previous methodological literature
suggests that Cronbach’s alpha coefficients above 0.60 may be acceptable in exploratory
research and in the early stages of scale development [37,38].

The resulting factor scores were retained and used in subsequent correlation and
regression analyses. Given the exploratory nature of the study and the relatively limited
sample size, the factor structure should be considered preliminary and subject to further
validation in future research. The factor structure and reliability statistics are summarized
in Table 2, while the complete rotated pattern matrix is presented in Appendix A (Table A1).

Although one item (“I often come up with new ideas while studying”) demonstrated
a relatively weak factor loading, and another item (“I can easily identify novel connections
between different pieces of information”) exhibited a secondary loading on another factor,
both items were retained in the final solution. This decision was based on their theoretical
relevance to the underlying constructs and the fact that the primary factor loading remained
substantially stronger than the secondary loading. Given the exploratory nature of the
study, the relatively small sample size, and the objective of exploring the latent structure of
a newly developed instrument rather than optimizing a measurement scale, retaining these
theoretically important items was considered methodologically appropriate.

Table 2. Exploratory factor analysis results and reliability statistics.

Factor Representative Items Number of Items Cronbach’s α

Cognitive Flexibility
and Adaptive Problem
Solving

Experimenting with
new strategies, trying
multiple solutions,
finding alternatives,
and task switching

4 0.679

Perceived AI Cognitive
Augmentation

AI increases creative
ideas, and AI supports
multiple perspectives

2 0.640

Perceived Cognitive
Independence

Novel connections,
new ideas, originality,
independent thinking

4 0.645

Note: The Kaiser–Meyer–Olkin measure of sampling adequacy was 0.636, and Bartlett’s test of sphericity was
significant (χ2(45) = 172.714, p < 0.001). The three-factor solution explained 60.68% of the total variance.

Given the relatively small sample size and the exploratory nature of the analysis, the
identified factor structure should be interpreted as preliminary. The results provide an
initial indication of the latent structure of the measured constructs, which requires further
validation using confirmatory factor analysis in larger and more diverse samples.
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3.2. Descriptive Statistics and Correlations

Descriptive statistics were calculated for the three latent factors identified through
the exploratory factor analysis, as well as for the frequency of AI tool use. Among the
three factors, Perceived Cognitive Independence showed the highest mean score (M = 3.82,
SD = 0.74), followed by Cognitive Flexibility and Adaptive Problem Solving (M = 3.79,
SD = 0.68). The lowest mean was observed for Perceived AI Cognitive Augmentation
(M = 3.45, SD = 1.02), indicating greater variability in respondents’ perceptions regarding
AI as a cognitive enhancer. Frequency of AI tool use showed a moderate average level
within the sample (M = 2.84, SD = 0.96).

Pearson correlation analyses revealed few significant relationships among the main
study variables. A positive correlation was found among Cognitive Flexibility, Adaptive
Problem Solving, and Perceived Cognitive Independence (r = 0.257, p = 0.028), suggesting
that individuals reporting higher levels of cognitive flexibility also tended to perceive
themselves as more cognitively independent. No significant correlations were observed
between AI use frequency and any of the three latent factors. Likewise, Perceived AI
Cognitive Augmentation was not significantly associated with either cognitive flexibility or
cognitive independence.

Additional analyses examined the relationship between perceived AI role and the
latent cognitive factors. Participants who viewed AI as a complement rather than a replace-
ment for their own thinking reported significantly higher levels of Perceived Cognitive
Independence (r = 0.431, p < 0.001) and slightly higher levels of Perceived AI Cognitive Aug-
mentation (r = 0.235, p = 0.046). The relationship with Cognitive Flexibility and Adaptive
Problem Solving was positive but did not reach statistical significance (r = 0.205, p = 0.081).
Furthermore, perceiving AI as a complement to one’s own thinking was positively asso-
ciated with more frequent AI use (r = 0.237, p = 0.043). As shown in Table 3, respondents
reported relatively high levels of cognitive flexibility (M = 3.79, SD = 0.68) and cognitive
independence (M = 3.82, SD = 0.74). Participants also tended to perceive AI as a comple-
ment rather than a replacement for their own thinking (M = 3.71, SD = 0.95). Perceived AI
cognitive augmentation received comparatively lower ratings (M = 3.45, SD = 1.02).

Although several statistically significant correlations were identified, particular cau-
tion is warranted when interpreting associations with p-values close to the conventional
significance threshold (p < 0.05), especially those approaching the threshold of statistical
significance. As described in the Data Analysis section, no formal correction for multiple
comparisons was applied because the analyses were theory-driven and exploratory in
nature. Consequently, correlations with marginal p-values should be regarded as prelimi-
nary and hypothesis-generating rather than confirmatory evidence, and should therefore
be interpreted in conjunction with the overall pattern of results and replicated in future
studies using larger samples and more conservative statistical procedures.

Table 3. Descriptive statistics and correlations among the main study variables (N = 73).

Variable M SD 1 2 3 4 5

1. Cognitive Flexibility and Adaptive Problem Solving 3.79 0.68 -
2. Perceived AI Cognitive Augmentation 3.45 1.02 0.056 -
3. Perceived Cognitive Independence 3.82 0.74 0.257 * 0.056 -
4. Perceived AI Role 3.71 0.95 0.205 0.235 * 0.431 ** -
5. AI Use Frequency 2.84 0.96 0.211 0.051 0.051 0.237 * -

Note: * p < 0.05; ** p < 0.01.
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3.3. Testing H1: Perceived AI Role and Cognitive Independence

To examine the relationship between students’ perceptions of AI and their cognitive
independence (RQ1), a correlation and regression analysis were conducted. The results
revealed a significant positive association between Perceived AI Role and Perceived Cog-
nitive Independence (r = 0.431, p < 0.001). Students who perceived AI primarily as a
complement to their own thinking, rather than as a replacement for it, reported higher
levels of cognitive independence.

To further assess the predictive power of perceived AI role, a simple linear regression
analysis was performed with Perceived Cognitive Independence as the dependent variable.
The model was statistically significant, F(1,71) = 16.226, p < 0.001, explaining 18.6% of the
variance in cognitive independence (R2 = 0.186).

The regression coefficient indicated that perceived AI role was a significant positive
predictor of cognitive independence (β = 0.431, B = 0.335, p < 0.001). Specifically, a stronger
tendency to view AI as a cognitive complement rather than a cognitive replacement was
associated with higher levels of perceived cognitive independence.

These findings support H1, suggesting that students’ perceptions of the role of AI in their
thinking processes are positively associated with their perceived cognitive independence.

The regression model explained 18.6% of the variance in perceived cognitive indepen-
dence. As shown in Table 4, perceived AI role emerged as a significant positive predictor of
cognitive independence (β = 0.431, p < 0.001), supporting H1.

Table 4. Simple linear regression predicting perceived cognitive independence.

Predictor B SE β t p

Constant 2.578 0.319 - 8.095 <0.001
Perceived AI Role 0.335 0.083 0.431 4.028 <0.001

Model statistics: R = 0.431, R2 = 0.186, Adjusted R2 = 0.175, F(1,71) = 16.226, p < 0.001.

3.4. Testing H2: AI Usage Patterns and Cognitive Independence

To address RQ2, a multiple regression analysis was conducted to examine whether
different AI usage patterns predict Perceived Cognitive Independence. The model included
AI use frequency, information seeking, note-taking and summarization, language support
and translation, coding and problem solving, creative content creation, and perceived AI
role as predictors.

The overall regression model was statistically significant, F(7,65) = 2.740, p = 0.015,
explaining 22.8% of the variance in perceived cognitive independence (R2 = 0.228, Adjusted
R2 = 0.145). As shown in Table 5, Perceived AI Role was the only significant individual
predictor of cognitive independence (β = 0.436, p < 0.001), whereas none of the AI usage
variables reached statistical significance.

Table 5. Multiple regression model predicting perceived cognitive independence.

Predictor B SE β t p

Constant 2.798 0.403 - 6.935 <0.001
Perceived AI Role 0.339 0.088 0.436 3.859 <0.001
AI Use Frequency −0.092 0.097 −0.119 −0.944 0.348
Information Seeking 0.071 0.234 0.039 0.306 0.761
Note-Taking and Summarization −0.140 0.191 −0.090 −0.736 0.465
Language Support and Translation 0.159 0.184 0.102 0.861 0.393
Coding and Problem Solving 0.207 0.274 0.088 0.756 0.453
Creative Content Creation −0.231 0.201 −0.138 −1.150 0.254

Model statistics: R = 0.477, R2 = 0.228, Adjusted R2 = 0.145, F(7,65) = 2.740, p = 0.015.
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These findings indicate that perceived cognitive independence was associated with
students’ perception of AI as a cognitive complement rather than with the frequency or
specific purposes of AI use. Consequently, H2 was not supported.

3.5. Exploratory Analysis: AI Coding and Perceived Cognitive Augmentation

As an exploratory analysis, the relationship between AI usage patterns and perceived
AI Cognitive Augmentation was examined. A multiple regression model was estimated
using AI use frequency, information seeking, note-taking and summarization, language
support and translation, coding and problem solving, creative content creation, and per-
ceived AI role as predictors. The overall model did not reach statistical significance,
F(7,65) = 1.841, p = 0.094, explaining 16.5% of the variance in perceived AI Cognitive Aug-
mentation (R2 = 0.165, Adjusted R2 = 0.076). Within this non-significant model, the use of
AI for coding and problem solving emerged as the only predictor reaching the conventional
level of statistical significance (β = 0.247, p = 0.046). Perceived AI role also showed a
positive trend, although this association did not reach statistical significance (β = 0.221,
p = 0.064). None of the remaining AI usage variables significantly predicted perceived AI
Cognitive Augmentation (Table 6).

Given that the overall regression model was not statistically significant and that the
observed effect for coding and problem solving was close to the conventional significance
threshold, this finding should be interpreted with caution. Rather than providing con-
firmatory evidence, it should be regarded as a preliminary, hypothesis-generating result
that requires replication in larger and independent samples before firm conclusions can
be drawn.

Table 6. Multiple regression model predicting perceived AI cognitive augmentation.

Predictor B SE β t p

Constant 1.880 0.579 - 3.245 0.002
Perceived AI Role 0.237 0.126 0.221 1.883 0.064
AI Use Frequency 0.134 0.139 0.126 0.960 0.341
Information Seeking 0.200 0.335 0.080 0.595 0.554
Note-Taking and Summarization −0.105 0.274 −0.049 −0.384 0.702
Language Support and Translation −0.059 0.265 −0.027 −0.221 0.826
Coding and Problem Solving 0.801 0.394 0.247 2.036 0.046
Creative Content Creation 0.430 0.289 0.187 1.491 0.141

Model statistics: R = 0.407, R2 = 0.165, Adjusted R2 = 0.076, F(7,65) = 1.841, p = 0.094.

The present study examined the relationships between AI usage patterns, perceived
AI role, cognitive independence, and perceived cognitive augmentation among university
students. Three main findings emerged. First, students who perceived AI as a cognitive
complement rather than a replacement reported higher levels of cognitive independence.
Second, specific AI usage patterns did not significantly predict cognitive independence.
Third, AI use for coding and problem-solving was positively associated with perceived
cognitive augmentation, although this finding should be interpreted with caution because
the overall regression model was not statistically significant.

4. Discussion
The present study examined how university students perceive the role of generative

AI in their thinking processes and how these perceptions relate to cognitive independence
and cognitive augmentation. Three main findings emerged, which are detailed below.
First, perceiving AI as a cognitive complement rather than a cognitive replacement was
positively associated with perceived cognitive independence. Second, neither the frequency
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nor the specific purposes of AI use significantly predicted cognitive independence. Third,
an exploratory analysis suggested that the use of AI for coding and problem solving
was positively associated with perceived cognitive augmentation. Overall, these findings
contribute to the growing literature on human–AI interaction by demonstrating that stu-
dents’ subjective understanding of AI may be more important than simple measures of AI
usage frequency.

Furthermore, the strongest finding of the study supports H1 and is consistent with
theoretical perspectives on extended cognition and cognitive augmentation. According
to Clark and Chalmers’ extended mind framework, external technologies can become
functional components of cognition when integrated into ongoing thought processes [11].
More recent discussions of AI-supported cognition similarly emphasize that generative AI
may serve as a cognitive extender, expanding human capabilities without replacing human
agency [12,13,39]. The present results suggest that students who conceptualize AI as a
supportive partner rather than as a substitute for thinking report higher levels of cognitive
independence. In addition, this finding indicates that cognitive independence and AI use
are not necessarily contradictory phenomena. Instead, students may maintain a strong
sense of intellectual autonomy while simultaneously benefiting from AI-supported idea
generation, reflection, and problem solving.

At the same time, the present findings should not be interpreted as evidence of a
causal relationship. Because the study employed a cross-sectional design, the direction of
the observed association cannot be determined. An equally plausible explanation is that
students who already perceive themselves as cognitively independent are more likely to
conceptualize AI as a complementary cognitive tool rather than as a replacement for their
own thinking. Consequently, the relationship between perceived AI role and cognitive
independence may be reciprocal or bidirectional. Longitudinal and experimental studies
are needed to clarify the causal direction of this relationship.

The findings also contribute to the literature on cognitive offloading. Previous research
has shown that external cognitive aids can reduce mental effort and improve task efficiency,
but excessive reliance on technological systems may lead to reduced cognitive engagement
and overreliance on automated outputs [14,19–22]. Interestingly, the present study suggests
that the critical factor may not be whether students use AI, but how they position AI within
their cognitive processes. Students who viewed AI primarily as a complement to their
thinking reported higher levels of cognitive independence regardless of usage frequency.
This observation supports the argument that cognitive offloading is not inherently detri-
mental; rather, its consequences depend on the degree of metacognitive control, verification,
and active engagement the user maintains [14,25,40,41].

It is also important to highlight that the absence of support for H2 is equally infor-
mative. Contrary to expectations, neither the frequency of AI use nor specific AI usage
patterns significantly predicted cognitive independence. This finding challenges common
assumptions that more intensive AI use necessarily leads to reduced independent thinking.
The results instead suggest that cognitive outcomes may be shaped less by behavioral
indicators of AI use and more by the meanings students attribute to these technologies.
From a theoretical perspective, this reinforces arguments that AI-related cognitive effects
cannot be adequately understood through exposure measures alone. Two students may
use AI equally often, yet experience substantially different cognitive consequences de-
pending on whether they approach the technology as a tool for reflection or as a source of
ready-made solutions.

The exploratory findings regarding coding and problem-solving provide further in-
sight into the distinction between cognitive augmentation and cognitive replacement.
Within an exploratory analysis, students who reported using AI for coding and problem-
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solving tasks tended to report higher levels of perceived AI Cognitive Augmentation.
However, because the overall regression model did not reach statistical significance, this
observation should be interpreted as preliminary rather than confirmatory. Although the
overall regression model was not statistically significant and should therefore be inter-
preted with caution, it is consistent with the idea that cognitively demanding AI-supported
activities may encourage active engagement with AI-generated outputs. Coding and
problem-solving often require evaluation, debugging, modification, and iterative refine-
ment, processes that keep users cognitively involved rather than passive recipients of AI-
generated content. In this sense, such activities may be examples of augmentation-oriented
AI use, in which the technology extends rather than replaces human cognitive effort.

The findings also have implications for creativity research. Although the present
study did not directly assess objective creativity or creative performance, the observed
relationships are relevant to theoretical discussions of creativity because the measured
constructs reflect students’ subjective perceptions of cognitive processes associated with
idea generation and independent thinking. Consequently, the following interpretations
should be understood as theoretical implications rather than direct empirical evidence
regarding creativity. The literature reviewed in this study suggests that generative AI
can simultaneously support divergent thinking while potentially undermining original-
ity [8,30,31,34,35]. The present results align with this dual perspective. Students who
perceived AI as a complement to their thinking reported stronger cognitive independence,
suggesting that AI may facilitate idea generation and perspective-taking when used re-
flectively. At the same time, the results indirectly support concerns raised in the creativity
literature regarding overreliance on externally generated solutions. If students perceive AI
primarily as a replacement for their own thinking, the cognitive benefits associated with
augmentation may diminish. This interpretation is consistent with theoretical discussions
of design fixation, homogenization, and the risk of accepting statistically probable solutions
without deeper critical evaluation [17,31,34,35,42,43].

From an educational perspective, the findings suggest that the central issue may not
be whether students use AI, but how they are taught to use it. Higher education institu-
tions frequently focus on controlling or restricting AI use, often emphasizing academic
integrity concerns [2,5]. The present findings indicate that educational interventions may
be more effective when they promote augmentation-oriented use of AI. Teaching students
to critically evaluate AI outputs, compare alternative solutions, and integrate AI-generated
content into their own reasoning processes may help preserve cognitive independence
while still allowing learners to benefit from AI-supported learning. Such an approach is also
compatible with Robinson and Aronica’s argument that educational environments should
foster autonomy, exploration, and creative engagement rather than passive reproduction of
existing knowledge [33].

Overall, the results suggest that generative AI should not be conceptualized exclusively
as either a threat to independent thinking or as an unequivocal cognitive enhancer. Instead,
its cognitive consequences appear to depend on the interpretive framework through which
students engage with the technology. The distinction between cognitive augmentation and
cognitive replacement may therefore represent a particularly useful lens for understanding
the educational implications of generative AI. Future research should investigate this
distinction using larger samples, longitudinal designs, and objective measures of cognitive
performance to determine how these perceptions develop over time and influence actual
learning outcomes. Accordingly, this finding should be viewed as hypothesis-generating
and requires replication in larger and more diverse samples before firm conclusions can
be drawn.
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5. Limitations and Future Research
Several limitations of the present study should be acknowledged. First, the study

is based on a relatively small convenience sample drawn from a single higher education
institution, which limits the generalizability of the findings across different educational
contexts, disciplines, and cultural settings. Consequently, the generalizability of the findings
to other universities, academic disciplines, and cultural contexts remains limited. Future
studies should replicate the findings using larger and more diverse samples. Second, all
variables were measured using self-report instruments administered at a single point in
time. As a result, the findings may be influenced by common method variance and social
desirability bias. Furthermore, the cross-sectional design does not permit causal inference
from the observed relationships among AI use, perceived AI role, and cognitive outcomes.
Third, although the exploratory factor analysis produced a theoretically interpretable three-
factor structure, the sample size was relatively modest for latent variable modeling, and
the reliability coefficients of the extracted factors were moderate. Therefore, the identified
factor structure should be considered preliminary and requires further validation through
confirmatory factor analysis (CFA) in larger samples. Fourth, the study’s central predictor,
perceived AI role (AI as a cognitive complement versus replacement), was assessed using a
single-item measure. Although this approach provided a direct and easily interpretable
assessment of the construct, it did not permit reliability estimation and may not have
fully captured its potentially multidimensional nature. Future research should develop
and validate multi-item instruments to assess students’ perceptions of AI’s cognitive role
more comprehensively. Fifth, the statistical analyses involved multiple correlation and
regression tests without applying a formal correction for multiple comparisons. Because
the analyses were theory-driven and exploratory, the conventional significance threshold
(p < 0.05) was retained. Nevertheless, the possibility of Type I error cannot be excluded,
particularly for findings with p-values close to the conventional significance threshold.
Accordingly, these results should be interpreted with appropriate caution until replicated
in larger and independent samples. Finally, the study focused on students’ subjective
perceptions of cognitive independence and cognitive augmentation rather than objective
measures of cognitive performance. In addition, the relatively low reliability coefficients of
some scales and the exploratory nature of the factor structure suggest that measurement
refinement is needed in future research. Consequently, the results reflect participants’ self-
perceived cognitive experiences associated with AI use and should not be interpreted as
direct evidence of actual cognitive enhancement or cognitive independence. The study also
examined a limited set of AI usage patterns and did not account for potential moderating
variables such as academic achievement, digital competence, AI literacy, field of study, or
prior experience with generative AI tools. Future research should investigate these factors
in order to develop a more comprehensive understanding of how AI use relates to cognitive
development and learning processes.

6. Conclusions
The present study examined the relationships between AI usage patterns, perceived

AI role, cognitive independence, and perceived cognitive augmentation among university
students. The findings indicate that perceiving AI as a cognitive complement rather
than a replacement for one’s own thinking was consistently associated with higher levels
of perceived cognitive independence. In contrast, neither the frequency nor the specific
purposes of AI use significantly predicted cognitive independence, suggesting that students’
subjective understanding of AI’s role may be more important than behavioral indicators of
AI use.
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The study provided support for H1, whereas H2 was not supported. An exploratory
analysis offered preliminary support for H3, as AI use for coding and problem-solving
emerged as the only statistically significant predictor within an otherwise non-significant
regression model. Consequently, this finding should be interpreted with caution and
regarded as hypothesis-generating rather than confirmatory until replicated in larger and
independent samples.

Overall, the present findings suggest that the cognitive consequences of AI use are
shaped less by how often students use AI than by how they conceptualize its role within
their own thinking processes. Perceiving AI as a cognitive complement, rather than a substi-
tute for independent thinking, was consistently associated with higher levels of perceived
cognitive independence. From an educational perspective, these findings highlight the im-
portance of fostering reflective and augmentation-oriented AI use that encourages students
to critically engage with AI-generated content rather than rely on it uncritically. Although
the findings should be interpreted in light of the study’s methodological limitations and
exploratory design, they contribute to the growing literature on human–AI interaction by
emphasizing the distinction between cognitive augmentation and cognitive replacement as
a useful framework for understanding AI-supported learning in higher education.
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Appendix A

Table A1. Pattern Matrix and Extraction Communalities of the Exploratory Factor Analysis.

Item F1 F2 F3 Communality
(Extraction)

I enjoy experimenting with new problem-solving strategies 0.828 0.704
I enjoy trying multiple solutions to a problem 0.619 0.406
If my usual approach does not work, I quickly find an alternative 0.567 0.396
I can easily switch from one task to another 0.471 0.210
Using AI tools increases the number of my creative ideas 0.769 0.667
AI tools help me consider multiple perspectives 0.626 0.400
Using AI tools reduces my originality 0.728 0.485
Using AI makes it more difficult for me to think independently 0.649 0.533
I can easily identify novel connections between different pieces of information 0.329 −0.605 0.555
I often come up with new ideas while studying * −0.368 0.211

* Note: Pattern matrix loadings and extraction communalities are reported. One item (“I often come up with new
ideas while studying”) demonstrated a relatively weak factor loading and low communality, while one item (“I
can easily identify novel connections between different pieces of information”) exhibited a secondary loading on
another factor. Both items were retained because of their theoretical relevance and because their primary factor
loadings remained interpretable. Given the exploratory nature of the study and the aim of examining the latent
structure of a newly developed instrument, no items were removed from the final factor solution.
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40. Vaughan, G.; Jinil, Y.; Szűts-Novak, R. Wisdom of the Heart: A Contemporary Review of Religion and AI. Religions 2025, 16, 834.

[CrossRef]
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