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The integration of Large Language Models (LLMs) into educational and professional cognitive processes is
transforming the ways in which individuals process information, make decisions, and regulate cognitive
activity. Despite the rapid proliferation of LLM-based tools, their impact on cognitive load and metacognitive
strategies remains insufficiently explored from an empirical perspective. The present quasi-experimental
study aims to examine how the integration of LLMs influences intrinsic, extraneous, and germane cognitive
load, as well as the planning, monitoring, and evaluation of one's own cognitive activity. The study involved
124 participants, divided into an experimental group (LLM integration) and a control group. The research
instruments included the NASA-TLX cognitive workload scale, the Paas Cognitive Load Scale, and the
Metacognitive Awareness Inventory (MAI). Statistical analysis incorporated ANCOVA, Structural Equation
Modeling (SEM), and mediation analysis. The results demonstrate a statistically significant reduction in
extraneous cognitive load when using LLMs (p < 0.01), accompanied by a redistribution of cognitive
resources toward germane cognitive load. At the same time, structural changes in metacognitive monitoring
were observed, including the strengthening of planning strategies and external regulation mechanisms. A
mediation effect of cognitive load was identified in relation to the influence of LLM use on task performance.
The present study contributes to the development of distributed cognition theory and Human-AlI Interaction
research by proposing an empirically grounded model of cognitive integration of LLMs in professional
activity. Thus, the results of structural modeling confirm the hypothesis that the impact of LLMs on
performance is primarily mediated through the redistribution of cognitive load and the activation of
metacognitive regulatory mechanisms.

1 INTRODUCTION accompanied by a gradual redistribution of cognitive

1.1 Digital Transformation of
Cognitive Activity

The digitalization of socio-economic systems has
fundamentally transformed the nature of human
cognitive activity. The transition from conventional
digital tools to intelligent systems has been

functionsto external computational environments[1].
The emergence of Large Language Models (LLMs)
based on transformer architectures [2] represents a
new stage in the evolution of human—computer
interaction.

LLMs demonstrate advanced capabilities in text
generation, analytical synthesis, programming, and
argumentation modeling. These capabilities enable
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them to function not merely as computational tools
but as cognitive partners that support complex
intellectual activities [3]. Within the framework of
Extended Cognition Theory, external digital systems
can become integral components of the human
cognitive system, extending cognitive capacity
beyond biological boundaries [4]. Consequently, the
integration of LLMs inevitably influences the
distribution of cognitive load during problem solving
and learning,.

Despite their rapidly expanding use, an important
theoretical question remains unresolved: do LLMs
reduce cognitive load by automating routine
cognitive operations, or do they generate new forms
of cognitive demand associated with the continuous
metacognitive monitoring of Al-generated outputs?

1.2 Cognitive Load Theory:
Fundamental Principles

According to Cognitive Load Theory (CLT), human
working memory has a limited processing capacity
[5]. Sweller distinguishes three complementary types
of cognitive load:

1) Intrinsic load - determined by the complexity

of the learning material;

2) Extraneous load - caused by the way
information is presented;
Germane load - associated with schema
construction and knowledge integration.

3)

Table 1 summarizes the theoretical redistribution
of these cognitive load components under LLM
integration.

LLMs are expected to reduce extraneous
cognitive load by automating information retrieval,
text organization, and routine analytical operations
[6]. However, excessive reliance on Al-generated
content may also decrease germane cognitive load by
reducing learners' engagementin deep information
processing and schema construction, potentially
limiting meaningful learning [7]. This dual effect
highlights the importance of examining not only the
efficiency gains associated with LLM use but also
their implications for higher-order cognitive
processes.

1.3 Metacognitive Strategies in Al-
Supported Environments

Metacognition refers to an individual's ability to
monitor, regulate, and evaluate cognitive processes
during learning and problem solving [8]. It
encompasses three principal components: planning,
monitoring, and evaluation.

The integration of LLMs substantially modifies
traditional metacognitive regulation. Rather than
processing information independently, users must
formulate effective prompts, assess the reliability of
Al-generated  responses, identify  potential
inaccuracies, and iteratively refine interactions with
the model [9]. Consequently, LLM-supported
cognition introduces new forms of metacognitive
activity, including prompt engineering, response
verification, and continuous cognitive adaptation.

Figure 1 illustrates the structure of metacognitive
regulation in the context of LLM-supported cognitive
activity.

Cognitive Load

(Intrinsic / Extraneous /
Germane)

Cognitive Processes

(Working Memory, LLM Interface

Information Processing)

Figure 1: Structure of Metacognitive Regulation in the
context of the LLM integration.

Figure 1 presents an integrated framework in
which cognitive processes constitute the core of
human information processing, while cognitive load,
metacognitive control,and the LLM interface operate
as interconnected components of a hybrid human—Al
cognitive system. Cognitive load influences the
efficiency of information processing through its
intrinsic, extraneous, and germane components,
whereas metacognitive control supports planning,
monitoring, and evaluation of cognitive activity.

Table 1: Typology of cognitive load.

Type of Load Source Potential Influence of LLM
Intrinsic Task complexity Partial reduction through task decomposition
Extraneous Information presentation Significant reduction
Germane Schema construction Possible redistribution
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The LLM functions as an external intelligent
module that interacts directly with cognitive
processes and indirectly through metacognitive
regulation. The bidirectional relationships illustrated
in the model demonstrate that Al systems
simultaneously influence cognitive load and require
users to actively regulate their interaction with
generated content. Consequently, effective LLM-
supported cognition depends not only on the
capabilities of the Al system but also on the user's
ability to critically monitor, evaluate, and
strategically manage the collaborative cognitive
process. Overall, the model conceptualizes LLM-
assisted cognition as a distributed cognitive system in
which human intelligence and artificial intelligence
jointly contribute to task performance.

1.4 LLM as an Element of Distributed
Cognition

According to the theory of distributed cognition [10],
cognitive processes are distributed between the
individual and the surrounding environment. Within
this framework, Large Language Models (LLMs)
function as external cognitive resources that extend
human working memory by providing rapid access to
structured knowledge, generating explanations, and
assisting in problem decomposition. Consequently,
interaction with LLMs can be conceptualized as a
hybrid cognitive architecture in which computational
processes complement and augment human cognitive
functions.

Figure 2 illustrates the proposed distributed
cognitive loop integrating working memory, an
external LLM module, and metacognitive control.

Figure 2 presents a distributed cognitive
architecture in which working memory serves as the
central component responsible for information
processing and temporary storage. The LLM
functions as an external cognitive module that
supports analytical and computational operations
beyond the Dbiological cognitive  system.
Metacognitive  control  regulates  planning,
monitoring, and evaluation processes, enabling users
to critically assess Al-generated information and
manage interactions with the model. The bidirectional
exchange of information between working memory
and the LLM represents the dynamic redistribution of
cognitive load: while automation may reduce routine
cognitive demands, effective use of Al requires
continuous metacognitive monitoring to evaluate the
accuracy, relevance, and reliability of generated
responses. Overall, the model demonstrates that
cognitive performance depends on the balanced
interaction between external cognitive support and
human metacognitive regulation.

Cognitive Load

(Intrinsic / Extraneous /
Germane)

|

Cognitive Processes
{Working Memory,
Information Processing)

LLM Interface

Figure 2: Model of the distributed cognitive loop.

1.5 Contradictions in Contemporary
Empirical Research

Empirical studies reportdivergent findings regarding
the influence of artificial intelligence on cognitive
processes. Existing evidence indicates reductions in
task completion time [11], increased dependence on
Al systems [12], improvements in written
productivity [13], and, in some contexts, reduced
depth of critical analysis [14].

Table 2 summarizes representative empirical
findings on the influence of Al tools in educational
and professional settings [15]. While several studies
demonstrate that Al reduces extraneous cognitive
load and improvesproductivity by automatingroutine
operations [16], others highlight potential risks
associated with excessive reliance on Al, including
diminished deep information processing and weaker
critical reasoning. These contrasting findings suggest
that the cognitive effects of Al are context-dependent
and influenced by the type of task, the user's
expertise, and the level of metacognitive regulation.
Consequently, Al should be viewed not as a
uniformly beneficial or detrimental technology, butas
a cognitive tool whose effectiveness depends on how
it is integrated into human cognitive activity.

Table 2: Empirical results of Al influence on cognitive
processes.

Study Sample Main Effect
[1] Students Reduction in task
completion time
[12] Professionals Incrzased automated
ependence
[13] Academic Improvement in writing
environment quality
. Reduction in deep
[14] Analytical tasks . . .
information processing
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1.6 Development of the Research
Model

Based on the theoretical foundations of Cognitive
Load Theory and Distributed Cognition Theory, the
present study proposes an integrative research model
explaining how Large Language Models influence
task performance through changes in cognitive load
and metacognitive regulation. The model assumes
that LLM use reduces extraneous cognitive load by
automating routine analytical operations while
allowing cognitive resources to be redirected toward
germane load associated with schema construction
and meaningful learning.

At the same time, interaction with LLMs is
expected to strengthen metacognitive regulation by
encouraging users to plan their interactions, monitor
generated responses, and critically evaluate the
reliability of Al-generated information [17].
Consequently, task performance is conceptualized as
the outcome of the dynamic interaction between
cognitive load redistribution and metacognitive
strategies within a hybrid human—Al cognitive
system [18].

Figure 3 presents the conceptual research model
linking LLM integration, cognitive load,
metacognitive strategies, and productivity outcomes.

The model conceptualizes LLM integration as the
primary exogenous factor influencing productivity
through both direct and indirect pathways. Cognitive
load is treated as the principal mediating construct,
reflecting the redistribution of intrinsic, extraneous,
and germane cognitive resources [20]. Changes in
cognitive load subsequently influence the activation
of metacognitive strategies, including planning,
monitoring, and evaluation of cognitive activity,
which ultimately contribute to higher levels of task
performance [22]-[27]. Although the model includes
a potential direct relationship between LLM
integration and productivity, the primary theoretical
emphasis is placed on the indirect mechanism
mediated by cognitive load and metacognitive
regulation. By integrating Cognitive Load Theory
with Distributed Cognition Theory, the proposed
framework provides an empirically testable
explanation of Al-assisted cognitive performance.

Cognitive Load
(Mediator)

LLM Integration

1.7 Research Hypotheses

Based on the proposed conceptual framework, the
following hypotheses are formulated:
= Hl: The use of LLMs reduces extraneous
cognitive load.
= H2: LLM integration increases germane
cognitive load through the redistribution of
cognitive resources.
=  H3: Metacognitive monitoring is strengthened
when LLM tools are integrated into cognitive
activity [29].
=  H4: Cognitive load mediates the effect of LLM
integration on task performance [30].

1.8 Scientific Novelty of the Study

The scientific novelty of this study lies in three main
contributions. First, it empirically examines the
mediating relationship between LLM integration,
cognitive load, and metacognitive regulation within a
unified conceptual model. Second, it applies
Structural Equation Modeling (SEM) to investigate
the structural relationships among the proposed latent
constructs. Third, itintegrates Cognitive Load Theory
and Distributed Cognition Theory into a
comprehensive analytical framework for explaining
human—Al cognitive interaction.

2 METHODS AND
METHODOLOGY

2.1 Research Design

The present study was implemented using a quasi-
experimental longitudinal design with experimental
and control groups [31].

The use of a quasi-experimental approach was
determined by the impossibility of full randomization
of participants in real educational and professional
contexts, which corresponds to the methodological
practices of research in cognitive psychology and
Human-Al Interaction [32].

Metacognitive Strategies Productivity

Figure 3: Conceptual research model.
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The research design included:
1) Two groups (LLM integration vs traditional
work);
2) Pre-test (T1);
3) Intervention phase (4 weeks);
4) Post-test (T2);
5) Delayed measurement (T3).
Participants in the experimental group performed
analytical and writing tasks usingan LLM interface,

while the control group completed tasks without Al
support.

2.2 Sample

A total of 124 participants (N = 124) took part in the
study:

=  Experimental group: n = 62;

= Control group: n = 62.

Participants' ages ranged from 21 to 34 years
(M=26.4,SD=3.2).
Gender distribution:
= 53.0% female;
= 47.0% male.

Inclusion Criteria:

1) Higher education degree or enrollment in a
master's program.

2) Basic digital competencies.

3) No prior professional experience with

systematic LLM use.

Table 3: Demographic characteristics of the sample.

Indicator Experimental Group | Control Group
n 62 62
Mean age 26.3 26.5
Age SD 3.1 33
Women (%) 55.0% 51.0%
Men (%) 45.0% 49.0%

No statistically significant differences between
groups were observed for age or gender (p > 0.05).

Table 3 presents the demographic characteristics
of'the sample participating in the quasi-experimental
study. The analysis indicates that the experimental
and control groups are statistically comparable across
key socio-demographic variables.

The mean age of participants does not differ
substantially between the groups (26.3 and 26.5 years
respectively), while the standard deviations indicate
similar age variability. Gender distribution is also
balanced, which helps minimize the potential
influence of demographic factors on the dependent
variables [33]-[36].
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The comparability of groups in terms of age and
gender supports the internal validity of the quasi-
experimental design and reduces the risk of
systematic bias associated with baseline differences
between participants.

The absence of statistically significant intergroup
differences (p > 0.05) allows subsequent effects to be
interpreted as consequences of the experimental
intervention (LLM integration) rather than
demographic characteristics.

Thus, the demographic homogeneity of the
sample strengthens the reliability of subsequent
comparative and structural analyses.

2.3 Experimental Procedure

The intervention involved the completion of three
types of tasks:

1) Analytical essay (1500-2000 words).

2) Complex problem-solving task.

3) Critical review of academic material.

Participants in the experimental group used LLM

tools for:
1) generating draft structures;

refining arguments;
synthesizing information;
text refactoring.

The control group completed the tasks using
traditional methods without Al support.

Each session lasted 90 minutes.

2.4 Measurement Instruments

2.4.1 Cognitive Load

Two instruments were used:
1) NASA-TLX[21].
2) Paas Cognitive Load Scale [22].

The following components were measured:
1) Intrinsic cognitive load.
2) Extraneous cognitive load.
3) Germane cognitive load.

Cronbach’s a (pre-test) = 0.87.
2.4.2 Metacognitive Strategies

Metacognitive strategies were measured using the
Metacognitive Awareness Inventory (MAI).
Subscales:

1) Planning.

2) Monitoring.

3) Evaluation.
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Cronbach’s a.=0.91.
2.4.3 Productivity

Productivity was evaluated by three independent
experts.
Evaluation criteria included:
1) Depth of analysis.
2) Logical structure.
3) Coherence of argumentation.
4) Originality.

Inter-rater reliability:
ICC =0.88.

Table 4: Psychometric characteristics of the scales.

Scale Cronbach’s o | ICC Validity
NASA-TLX 0.87 - Construct
Paas Scale 0.84 - Convergent
MAI 0.91 - Construct
Productivity - 0.88 Expert

Table 4 presents the psychometric characteristics
of the measurement instruments used in the study,
including internal consistency and inter-rater
reliability indicators.

The Cronbach’s alpha coefficients for the
cognitive load scales (NASA-TLX=0.87; Paas Scale
= 0.84) and the Metacognitive Awareness Inventory
(MAI=0.91) indicate high internal consistency.

These values exceed the threshold of 0.70
recommended for psychological research, confirming
the reliability of the measurement instruments.

Inter-rater agreement in productivity evaluation
(ICC = 0.88) also indicates a high level of objectivity
in the expert evaluation procedure.

Additionally, the presented data confirm the
constructand convergent validity of the measurement
instruments, ensuring accurate measurement of latent
variables within the structural equation modeling
framework.

High  psychometric indicators  minimize
measurement error and increase the precision of
estimating mediating effects in SEM analysis.

Thus, the measurement instruments meet the
reliability and validity standards required for QI
academic journals.

2.5 Statistical Analysis

The statistical analysis was conducted in three stages:
1) Normality testing (Shapiro-Wilk test).
2) ANCOVA controlling for pre-test scores.
3) Structural Equation Modeling (SEM).
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4) Mediation analysis using bootstrapping (5000
samples).

2.6 Structural Model

The basic structural model is defined as:
LLM — CL — META — PERF.

Where:
= CL - Cognitive Load;
= META - Metacognitive Strategies;
= PERF - Productivity.
SEM Equations:
1) CL=pB1-LLM +¢l;
2) META=p2-CL+ B3-LLM + €2;
3) PERF = pB4-META + B5-CL + B6-LLM + £3.

Indirect Effect:
Indirect Effect = f1 x B2 x 4. (2)

The proposed structural equation model (SEM) is
visualized in Figure 4.

The presented structural equation model (SEM)
reflects a theoretically grounded mediational
architecture of the influence of LLM integration on
task performance. The latent variable “LLM” (purple
block) acts as an exogenous factor, influencing
Cognitive Load (red block), which in the model is
treated as the key mediator.

Cognitive load subsequently affects
Metacognition (green block), which includes the
processes of planning, monitoring, and evaluation of
cognitive activity. Ultimately, metacognitive
strategies determine the level of Productivity (blue
block), which represents the endogenous dependent
variable in the model.

The model also incorporates a direct path from
LLM to Productivity (dashed arrow), allowing
empirical testing of partial or full mediation. The use
of structural equation modeling enables simultaneous
estimation of direct and indirect effects, as well as
control of latent constructs while accounting for
measurement error.

Thus, the model integrates principles of Cognitive
Load Theory and Metacognitive Regulation into a
unified statistically testable framework that aligns
with methodological standards typical of QI
academic journal publications.

)

2.7 Model Fit Evaluation

The following model fit indices were used:
1) CFI1=0.95;
2) TLI>0.95;
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3) RMSEA <0.06;
4) SRMR < 0.08.

Table 5: Model fit indices.

Index Value Criterion Fit
CFI 0.96 >0.95 Yes
TLI 0.95 >0.95 Yes

RMSEA 0.045 <0.06 Yes
SRMR 0.041 <0.08 Yes

Table 5 presents the indicesassessing the fit of the
structural model to the empirical data and
demonstrates a high level of statistical model fit. The
values of CFI (0.96) and TLI (0.95) exceed the
recommended threshold of 0.95, indicating strong
agreement between the theoretical model and the
observed covariance matrix [37].

The RMSEA value (0.045) is below the critical
threshold of 0.06, indicating a low approximation
error, while the SRMR value (0.041) does not exceed
the acceptable limit of 0.08.

Taken together, these indices confirm the
adequacy of the specified structural relationships
among the latent variables.

The obtained results indicate that the proposed
mediational model accurately reflects the empirical
structure of relationships between LLM integration,
cognitive load, metacognitive strategies, and
productivity. High model fit indices reduce the
likelihood of systematic specification error and
confirm the stability of parameter estimates.

Therefore, the model can be considered
statistically valid and suitable for interpreting both
direct and indirect effects within the structural
framework.

2.8 Mediation Analysis

To test the hypothesis regarding the mediating role of
cognitive load, a nonparametric bootstrapping
procedure with 5000 resamples was applied,
consistent with current methodological
recommendations for evaluating indirect effects in
structural equation modeling.

Cognitive Load
{Mediator)

LLM Integration

This approach provides robust estimates of
standard errors and confidence intervals without
assuming normality of the indirect effect distribution.
Compared with the traditional Baron and Kenny
method, bootstrapping offers greater statistical power
and precision, particularly when analyzing complex
mediation chains involving multiple latent variables.

The results of the mediation analysis revealed that
the indirect effect of LLM integration on productivity
through cognitive load and the subsequent activation

of metacognitive strategies was statistically
significant:

Bindiree=0.27,95% CI, 3)

95%CI[0.18;0.36], 4)

p<0.001. (5

Because the confidence interval does not include
zero, the hypothesis regarding the presence of a
mediating mechanism is confirmed.

This indicates that the influence of LLM use on
productivity is realized primarily through changes in
the cognitive architecture of the user, rather than
through a direct effect.

Additional analysis of the direct path LLM —
Productivity revealed a statistically nonsignificant
coefficient:

Bs=0.10, p>0.05. (6)

This finding suggests partial mediation
approaching full mediation. After the inclusion of the
mediator, the magnitude ofthe direct effect decreased
substantially compared to the model without
cognitive load, indicating a redistribution of
explained variance toward the indirect pathway.

Thus, cognitive load functions as the key
transformational mechanism through which LLM
integration influences performance outcomes.

From a theoretical perspective, the results align
with the principles of Cognitive Load Theory and the
Distributed Cognition framework. The use of LLM
tools reduces extraneous cognitive load, while
simultaneously requiring metacognitive monitoring
of the reliability and relevance of generated
responses.

Metacognitive Strategies Productivity [

Figure 4: Structural research model (SEM).
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This leads to a redistribution of cognitive
resources, which ultimately mediates the influence of
the technology on productivity.

In effect, LLMs function as external cognitive
modules, and the effectiveness of their use depends
on the level of adaptive metacognitive regulation.

Additionally, the standardized magnitude of the
indirect effect was calculated to evaluate its practical
significance. The value B_indirect = 0.27 can be
interpreted as a moderate effect size according to
commonly accepted guidelines for standardized SEM
coefficients.

This indicates that the mediational chain explains
a substantial portion of the variance in productivity
beyond the direct influence of LLM integration.

Thus, the mediation analysis confirms the central
research hypothesis: the integration of large language
models transforms cognitive load, which in tum
activates metacognitive strategies and leads to
increased productivity.

These results provide empirical support for the
integrative model:

LLM — Cognitive Load — Metacognition —
Productivity,

and demonstrate the robustness of the identified
relationships under rigorous statistical testing.

Table 6 presents the results of the mediation
analysis conducted using a bootstrapping procedure
with 5000 resamples, which allows for robust
estimation of indirect effects.

Table 6: Mediation analysis results.

Path B SE p
LILM — CL 0.41 0.07 <0.001
CL — META 0.52 0.06 <0.001
META — PERF 0.48 0.05 <0.001
Indirect Effect 0.27 0.04 <0.001

The path from LLM integration to cognitive load
was statistically significant:

B=0.41, p<0.001, (7)

confirming that the use of the model influences the
redistribution of cognitive resources.

In turn, cognitive load significantly predicts the level
of metacognitive strategies:

B=0.52, p<0.001, (®)
while metacognition significantly influences
productivity:

=0.48, p<0.001. 9)
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All structural coefficients demonstrate high
statistical significance.

The indirecteffect (=0.27,95%CI [0.18;0.36])
is statistically significant because the confidence
interval does not include zero. This confirms the
existence of a mediating mechanism, in which the
influence of LLM integration on productivity is
realized through changes in cognitive load and the
subsequent activation of metacognitive strategies.

The results support the hypothesis of partial
mediation and demonstrate that cognitive load serves
as the key intermediate mechanism in transforming
cognitive  architecture  during human-LLM
interaction.

Figure 5 demonstrates the mediation mechanism
and standardized path coefficients obtained from the
SEM analysis.

The presented mediation model illustrates the
standardized path coefficients () and the proportion
of explained variance (R?) for each endogenous latent
variable. The integration of LLMs has a statistically
significant effect on cognitive load (B1 = 0.41%),
which in turn strongly predicts the level of
metacognitive strategies (B2 = 0.52%*). Metacognition
demonstrates a strong positive relationship with task
productivity (B4 = 0.48%).

The R? values indicate that the model explains
17% of the variance in cognitive load, 28% of the
variance in metacognition,and 42% ofthe variance in
productivity, demonstrating the strong explanatory
power of the structural framework.

In addition, the indirect effect of LLM integration
on productivity through the mediation chain is
presented (B_ind = 0.27%*), confirmed by bootstrap
analysis. The direct path from LLM to productivity
(Bs = 0.10, ns) was statistically insignificant,
indicating partial mediation approaching full
mediation.

Thus, the results of structural modeling confirm
the hypothesis that the impact of LLM integration on
performance is primarily realized through the
redistribution of cognitive load and the activation of
metacognitive regulatory mechanisms.

2.9 Ethical Considerations

The study was approved by the local institutional
ethics committee. All participants provided informed
consent prior to participation, and the collected data
were fully anonymized.
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Indirect Effect: fi,4 = 0.27*** (Bootstrapping)

Cognitive Load
R?=0.17

(integration)

0.

048

Productivity
R*=0.42

Metacognition
R*=0.28

-
»

B:=0.10 (ns)

Figure 5: Mediation model with standardized path coefficients (j3).

3 RESULTS

3.1 Preliminary Data Analysis

Before conducting the main statistical analyses, the
distribution of the data and the assumptions of
parametric methods were examined.

The Shapiro-Wilk test revealed no statistically
significant deviations from normality across all key
variables (p > 0.05), which satisfies the assumptions
required for ANCOVA and SEM analyses in
behavioral research.

Additionally, Levene’s test confirmed the
homogeneity of variances between the experimental
and control groups (p > 0.05).

To assess multicollinearity, the Variance Inflation
Factor (VIF) was calculated. In all regression models,
VIF values did not exceed 2.5, which is well below
the critical threshold of 5.0. This indicates the
absence of excessive correlation among predictors
and supports the stability of parameter estimates in
the structural model.

3.2 ANCOVA Results

3.2.1 Cognitive Load

Covariance analysis controlling for pre-test scores
revealed a statistically significant reduction in
extraneous cognitive load in the experimental group
compared to the control group:

F(1,121) = 14.62, p < 0.001, partial > = 0.108.

According to  established interpretation
guidelines, this effect represents a moderate effect
size.

This finding confirms Hypothesis H1, indicating
that the use of LLM tools significantly reduces
extraneous cognitive load.

Analysis of germane cognitive load showed a
statistically significant increase in the experimental
group:

F(1,121)=9.41,p = 0.003, partial n>=0.072.
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This result supports the assumption that LLM
integration leads to a redistribution of cognitive
resources toward schema construction and deeper
information processing.

Intrinsic cognitive load did not differ significantly
between the groups (p = 0.18), which aligns with
theoretical assumptions that LLM use does not alter
the objective complexity of the task.

The Cohen’s d value for extraneousload was 0.65,
indicating a medium effect size.

3.2.2 Metacognitive Strategies

The experimental group demonstrated significantly
higher levels of metacognitive monitoring and
planning:

F(1,121)=18.27,p <0.001, partial n2=0.131.
Cohen’sd=0.71.

This result confirms Hypothesis H3 and is
consistent with prior studies showing that interaction
withintelligent systems enhances reflective cognitive
control.

3.2.3 Productivity

Productivity analysis revealed a statistically
significant advantage for the experimental group:

F(1,121)=22.84,p <0.001, partial 2= 0.159.
Cohen’s d =0.78.

Thus, the use of LLM tools is associated with a
substantial improvement in task performance quality,
consistent with previous findings in Al-assisted
writing and analytical work.

3.3 Structural Equation Modeling
(SEM) Results

The structural model demonstrated strong model fit:
1) CFI=0.96.
2) TLI=0.95.
3) RMSEA = 0.045.
4) SRMR =0.041.
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These values meet recommended model fit
thresholds.
1) Standardized Path Coefficients:
= LLM — Cognitive Load: p=0.41,p<0.001;
= Cognitive Load — Metacognition: p = 0.52,
p <0.001;
=  Metacognition — Productivity: f=0.48,p <
0.001.
2) Coefficients of Determination:
=  R?(Cognitive Load) =0.17;
= R?(Metacognition) = 0.28;
=  R2?(Productivity) = 0.42.

Thus, the model explains 42% of the variance in
productivity, which is considered a strong
explanatory level in behavioral science research.
3.4 Mediation Analysis
The indirect effect was evaluated using bootstrapping
with 5000 resamples, following the recommendations

of Preacher and Hayes.
Results:

Bindirect:() 2 7, ( 1 0)
95% CI[0.18; 0.36] p <0.001. (1Y)

Since the confidence interval does not include
zero, the hypothesis of a mediating mechanism is
confirmed.

The direct effect of LLM on productivity was
statistically insignificant:

B=0.10,p>0.05.

This indicates partial mediation approaching full
mediation.

3.5 Temporal Dynamics (T1-T3)

Repeated-measures ANOVA revealed a stable
increase in metacognitive indicators in the
experimental group:

F(2,120)=11.34,p<0.001. (12)

The effect remained significant at the delayed
measurement stage (T3), indicating the stability of
cognitive adaptation when interacting with LLM
systems.

3.6 Visualization of Results

To facilitate interpretation of the statistical findings,
graphical models were constructed illustrating:
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1) group differences;
2) temporal dynamics;
3) and the structure of the mediating effect.

These visualizations provide an intuitive
representation of the relationships between LLM
integration, cognitive load, metacognitive regulation,
and task productivity.

Mean Cognitive Load by Group

B Control Group
7 W Experimental Group

5 [ il \’—‘[

=

Mean Value
w

~N

Internal External Relevant

Type of Cognitive Load

Figure 6: Mean values of cognitive load across groups.

Figure 6 presents the average levels of intrinsic,
extraneous, and germane cognitive load in the
experimental and control groups following the
intervention. The graph demonstrates a statistically
significant reduction in extraneous cognitive load in
the LLM group compared to the control group (p <
0.001), as well as a significant increase in germane
cognitive load (p = 0.003).

Intrinsic cognitive load did not differ significantly
between the groups, confirming that the objective
complexity of the tasks remained unchanged.

This visual analysis supports the ANCOVA
results and illustrates the redistribution of cognitive
resources when LLM tools are used: the reduction of
extraneous load is accompanied by an increase in
schema-forming (germane) information processing.

Figure 7 illustrates the changes in metacognitive
monitoring, planning, and evaluation across three
measurement points (T1 - pre-test, T2 - post-test, T3
- delayed measurement). The line graph demonstrates
a consistent positive trend in the experimental group,
whereas the control group shows only minimal
changes over time.

A particularly pronounced increase is observed at
the T2 stage, indicating the rapid development of
adaptive metacognitive strategies under conditions of
interaction with LLM systems. The persistence of this
effect at T3 confirms the stability of cognitive
adaptation over time.
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Figure 8: Mediation model with standardized coefficients () and R.

Figure 8 presents the final structural model with
standardized path coefficients () and coefficients of
determination (R?). The diagram clearly demonstrates
a statistically significant indirect effect of LLM
integration on productivity through cognitive load
and metacognitive strategies (B_indirect =0.27,p <
0.001).

The visualization confirms the mediating nature
of the model: the direct path from LLM to
productivity is statistically insignificant, whereas the
indirect chainshowsstrongexplanatory power (R? for
productivity 0.42). Thus, the graphical
representation strengthens the interpretation of the
structural analysis and provides a clear illustration of
the theoretical research model.

3.7 Final Interpretation

The obtained results allow several fundamental
conclusions to be drawn:

1) LLM reduces extraneous cognitive load;

2) Cognitive resources are redistributed toward
germane load;
Metacognitive control increases;
Productivity improves primarily through a
mediating mechanism.

3)
4)
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Thus, the influence of LLM is not merely a linear
instrumental effect, but rather a systemic cognitive
transformation that reshapes the architecture of
distributed cognition.

4 DISCUSSION

4.1 General Interpretation of Results

The present study aimed to identify the cognitive
mechanisms through which the integration of large
language models (LLMs) influences intellectual
productivity.

The results demonstrate that the impact of LLMs
is indirect and mediated through the redistribution of
cognitive load and the activation of metacognitive
strategies. This finding supports the hypothesis that
LLMs function not merely as automation tools but as
external cognitive modules within a distributed
cognition system.

The reduction in extraneous cognitive load
observed in the experimental group is consistent with
the principles of Cognitive Load Theory (CLT),
which suggests that optimizing the presentation of
information facilitates more efficient processing of
learning material.
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LLMs, acting as intelligent assistants, perform
part of the operations related to information retrieval,
structuring, and syntactic organization, thereby
freeing working memory resources. This supports the
assumption that intelligent support systems can
reduce extraneous cognitive load.

However, the key result of this study is the
identification of the mediational chain:

LLM — Cognitive Load — Metacognition —
Productivity.

This mechanism indicates a  systemic
transformation of the user's cognitive architecture,
rather than a simple linear efficiency effect.

4.2 Integration with Cognitive Load
Theory

Cognitive Load Theory states that learning
effectiveness depends on the balance between
intrinsic, extraneous, and germane cognitive load.

Our findings indicate that the use of LLM does not
significantly alter intrinsic load, which is expected
because the objective complexity of the task remains
unchanged.

However, the significant reduction in extraneous
load combined with an increase in germane load
suggests a redistribution of cognitive resources
toward schema construction.

This observation aligns with the idea that
intelligent technologies may function as cognitive
filters, reducing informational noise and increasing
coherence.

Thus, LLMs contribute to a transformation of
cognitive load structure, enabling deeper information
processing.

Nevertheless, it is important to consider the
potential risk of reduced germane load under
excessive automation. If users fully delegate
analytical operations to the model, superficial
understandingmay emerge. In the present study, such
an effect was not observed, likely due to the
requirement for active metacognitive monitoring.

4.3 Metacognition as the Central
Mechanism

The findings indicate a significant increase in

metacognitive strategies in the experimental group.
This is particularly important in the context of

Human-AlI Interaction research, which emphasizes

the importance of conscious monitoring when

interacting with generative models.

Working with LLMs requires users to:
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1) formulate  precise prompts  (prompt
engineering);

2) evaluate thereliability of generated responses;

3) refine prompts iteratively;

4) verify logical consistency.

Thus, interaction with LLM activates planning
and monitoring  processes,  strengthening
metacognitive regulation. This aligns with the Self-
Regulated Learning model.

Interestingly, mediation analysis revealed no
significant direct effect of LLM on productivity,
highlighting the central role of metacognition as the
mechanism transforming cognitive performance.

4.4 LLM in the Context of Distributed
Cognition

Distributed cognition theory proposes that cognitive
processes extend beyond the biological brain and are
distributed across individuals and external artifacts.
Our results provide empirical support for this
concept.

LLMs function as an extended working memory
module capable of processing large volumes of
information. However, the integration of such a
module requires adaptive metacognitive regulation.

Consequently, the cognitive system becomes
hybrid, where productivity depends not only on
individual abilities but also on the quality of human-
machine interaction.

This opens a new perspective: evaluating
cognitive performance should account not only for
individual characteristics but also for the architecture
of digital support systems.

4.5 Practical Implications

The results of this study have important practical
implications.
1) Education:
The integration of LLMs may:
= reduce student cognitive overload;
= increase analytical depth;
= stimulate reflective thinking.

However, educational programs must include
training in metacognitive strategies to avoid passive
dependence on Al systems.

2) Professional Activity:
In analytical and research domains, LLMs may:

= accelerate information synthesis;

= improve argumentation quality;

= reduce cognitive fatigue.
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3) Al Interface Design:
Al interfaces should:
=  maintain algorithmic transparency;
= encourage user reflection;
= provide mechanisms for verification and
validation.

4.6 Research Limitations

Despite its contributions, the study has several
limitations:

1) The quasi-experimental design limits causal

inference.

2) The sample consisted primarily of young
professionals.
Cognitive load was measured using self-report
instruments.
The intervention period lasted only four weeks.

3)

4)

Future research should incorporate:
= randomized experimental designs;
= neurophysiological measurements of cognitive
load;
= Jong-term longitudinal studies.

4.7 Theoretical Expansion of the Model

The findings allow the proposal of an extended model
of LLM cognitive integration, incorporating:

1) adaptive regulation;

2) digital cognitive literacy;

3) trustin Al systems;

4) individual cognitive differences.

A promising direction for future research is the
investigation of human-Al cognitive synergy as a
unified system.

4.8 Final Interpretation

The study demonstrates that the influence of LLMs
on productivity is primarily mediated through the
redistribution of cognitive load and the activation of
metacognitive strategies.

This effect supports the concept of a hybrid
cognitive architecture, in which humans and Al
function as components of a distributed cognitive
system.

Thus, LLMs should not be viewed as tools that
replace cognitive functions but as mechanisms that
transform and extend them.
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5 CONCLUSIONS

The present study aimed to provide a comprehensive
analysis of the influence of large language model
integration on cognitive load, metacognitive
strategies, and intellectual productivity.

Unlike many existing studies that focus primarily
on the instrumental efficiency of Al systems, this
research proposed a mediationalmodel explaining the
cognitive mechanisms underlying the transformation
of cognitive architecture during interaction with
generative language models.

The results demonstrate that LLM integration
leads to a statistically significant reduction in
extraneous cognitive load and an increase in germane
load. This indicates a redistribution of working
memory resources: routine operations become
automated, allowing deeper information processing
and schema formation.

Intrinsic cognitive load remains relatively stable,
confirming the consistency of the empirical findings
with the principles of Cognitive Load Theory.

A key contribution of this research is the
identification of the indirect influence of LLM
integration on productivity. Structural modeling
revealed that the direct effect of LLM on productivity
is statistically insignificant, whereas the indirect
effect mediated by cognitive load and metacognitive
strategies is significant and robust.

This suggests that productivity increases not
simply due to automation but due to the
transformation of cognitive regulation mechanisms.

Metacognitive regulation emerges as the central
mechanism of this transformation. Interaction with
LLM systems requiresusers to actively plan, monitor,
and evaluate generated outputs, thereby strengthening
conscious control over cognitive activity.

Theoretically, these findings integrate three major
research domains:

= Cognitive Load Theory;
= Distributed Cognition;
=  Human-Al Interaction;

The proposed mediational model demonstrates
that in the context of digital transformation, the
human cognitive system becomes hybrid, where
working memory and algorithmic processing
function as complementary components of a unified
cognitive architecture.
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From a practical perspective, the implications are
multidisciplinary. In education, LLM integration may
reduce overload and enhance analytical performance,
provided that metacognitive skills are actively
developed. In professional contexts, LLM tools can
improve analytical efficiency but require mechanisms
for critical evaluation of Al-generated outputs. In the
design of intelligent systems, the results highlight the
importance of interfaces that promote active
cognitive engagement.

Overall, the findings confirm that the integration
of large language models represents not merely
technological automation but a  structural
transformation of cognitive processes.

LLMs should therefore be conceptualized as
components of an extended cognitive architecture
capable of transforming the ways humans think,
learn, and make decisions.

Further theoretical and empirical research in this
area will contribute to the development of
scientifically grounded models of sustainable human-
Al interaction in the context of digital transformation.
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