Economic Sciences r
\\é\ _»‘

https://economic-sciences.com »
ES (2025) 21(5S), 01-12| ISSN:1505-4683 seomRs

Navigating the Cognitive Maze of Al Text Imitation: A CLT-
Driven Approach

Ashish Jagdish Sharma

(IIM Sambealpur (India), Researcher, RiceTec Inc. (USA))
ORC ID: 0009-0002-3070-2700

ABSTRACT

This research investigates the cognitive challenges impeding Al text generation and examines strategies to
enhance the naturalness, fluency, and overall quality of the generated text. A multifaceted approach was
employed, involving diverse human evaluations, cognitive load measures, and evaluation metrics. The study
utilized the Yelp Reviews dataset for experimentation and the "LLM - Detect AI-Generated Text" Kaggle dataset
for validation. The research unravelled the intricate interplay between intrinsic, extraneous, and germane load
factors that influence the effectiveness of Al text generation. Practical insights address challenges such as
handling complex sentence structures, comprehending unfamiliar vocabulary, and interpreting ambiguous
language. Human evaluations confirmed the model's proficiency in generating natural and fluent text, while
cognitive load measures provided nuanced insights into the processing dynamics of Al-generated text. The study
also demonstrated the AI Content Detection Tool's accuracy in distinguishing between human-written and Al-
generated text. Implications encompass the need for continuous model refinement and adaptation to changing
linguistic patterns to ensure long-term effectiveness. The findings contribute to the ongoing dialogue on the ethical
and practical use of Al language models, shaping future developments in the domain.

Keywords: Generative Al, Cognitive Load Theory, Intrinsic Load, Extraneous Load, Germane Load, Natural

Language Processing

1.0 INTRODUCTION

The advent of artificial intelligence (AI) has
fundamentally revolutionized the field of natural
language processing (NLP), enabling Al language
models (ALMs) to process and generate text with
human-like proficiency. While these advancements
have unlocked new possibilities in communication
and content creation, significant challenges persist
in achieving text that is truly natural, fluent, and
contextually appropriate (Ahuja & Webster, 2001;
Beasley & Waugh, 1995; Sweller, 2019). ALMs
often struggle to master the inherent complexity of
human language, which encompasses intricate
syntax, semantics, and pragmatics. Furthermore,
they face difficulties in capturing the subtleties of
human communication, such as emotional cues,
cultural references, and implicit meanings (Chen et
al., 2006).

To better understand and address these challenges,
this research adopts Cognitive Load Theory (CLT)
as a robust framework for examining the cognitive
underpinnings of Al text imitation (Sweller, 2019).
CLT posits three distinct types of cognitive load that

can be applied to an ALM's text-processing task.
First, intrinsic load refers to the cognitive effort
required to process the inherent complexity of new
information. For an ALM, this load is heightened by
complex sentence structures, unfamiliar vocabulary,
and abstract concepts, making them particularly
difficult to process effectively. Second, extraneous
load originates from processing irrelevant or
distracting elements that do not contribute to the
primary task. In text imitation, this includes
ambiguous language, unfamiliar terminology, and
inconsistent formatting, all of which can impede an
ALM’s ability to generate coherent output. Finally,
germane load represents the constructive cognitive
effort invested in creating meaningful connections
between new information and prior knowledge. This
process, which involves integrating new concepts
and applying knowledge, is critical for enhancing an
ALM's capacity to produce natural and contextually
relevant text.

This study investigates the impact of these three load
factors on Al text imitation. We hypothesize that: (i)
Intrinsic load negatively impacts the ability of
ALMs to generate natural and fluent text. (ii)
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Extraneous load hinders the performance of ALMs
in text imitation by introducing distractions and
inconsistencies. (iii) Germane load enhances the
ability of ALMs to produce natural and contextually
appropriate text by facilitating meaningful
associations between new and prior knowledge.

To test these hypotheses, we employ a
comprehensive research methodology that utilizes a
diverse dataset, a rigorous experimental design, and
multifaceted evaluation metrics. By exploring the
cognitive maze of Al text imitation through the lens
of CLT, this research provides valuable insights into
the challenges ALMs face and offers a roadmap for
developing more  effective  text-generation
techniques. Our findings contribute to a deeper
understanding of Al text imitation, paving the way
for models that not only produce natural and fluent
text but also navigate the ethical considerations
inherent in this technological advancement (Ahuja
& Webster, 2001).

2.0 LITERATURE REVIEW

The pursuit of human-like text generation has long
been a central goal in artificial intelligence (Al),
with recent advancements enabling Al language
models (ALMs) to produce remarkably fluent and
coherent text. Despite these achievements,
significant challenges remain in achieving output
that is truly natural and contextually appropriate
(Ahuja & Webster, 2001; Beasley & Waugh, 1995;
Sweller, 2019). To better understand the
complexities of Al text imitation, researchers have
adopted cognitive load theory (CLT), a robust
framework for analyzing learning and cognitive
processing. CLT posits that the mental effort
expended during a task can be categorized into three
distinct forms: intrinsic, extraneous, and germane
load (Sweller, 2019).

Intrinsic load, which arises from the inherent
complexity of the information, is a critical factor in
text imitation as it directly affects an ALM's ability
to process difficult linguistic structures. Complex
sentences, including lengthy and convoluted
phrases, can overwhelm a model's processing
capabilities and lead to errors or misinterpretations
(Chen et al., 2006). Unfamiliar vocabulary and
abstract concepts further increase this load, making
it difficult for ALMs to grasp the nuances of human

language. To mitigate these challenges, researchers
have explored approaches such as simplifying
sentence structures, using more common vocabulary
(Chen et al., 2006; Liu & Sun, 2017), and providing
ALMs with access to external knowledge bases to
improve comprehension and interpretation (Yang et
al., 2018).

In contrast, extraneous load originates from
distracting or irrelevant elements that hinder an
ALM's performance. Ambiguous language, such as
vague or metaphorical expressions, can cause
confusion and lead to misinterpretations (Ahuja &
Webster, 2001). Similarly, an inconsistent writing
style, marked by abrupt shifts in tone or vocabulary,
disrupts the flow of comprehension and complicates
effective processing (Beasley & Waugh, 1995).
Techniques to reduce extraneous load include
improving the clarity and consistency of the source
text itself (Ahuja & Webster, 2001) and providing
ALMs with additional context and background
information to help clarify the text's intended
meaning (Beasley & Waugh, 1995).

Finally, germane load is considered essential for
enhancing the quality of Al-generated text, as it
involves the cognitive effort used to create
meaningful connections between new information
and prior knowledge (Sweller, 2019). Fostering
germane load can lead to more natural and
contextually appropriate text generation (Chen et al.,
2006). Strategies to increase this productive load
include training ALMs on diverse data
representative of various genres and styles, which
helps them develop a broader understanding of
language (Liu & Sun, 2017; Yang et al., 2018).
Another effective approach is to incorporate
reasoning and inference-making capabilities into
ALMs, allowing them to leverage their knowledge
base to generate more coherent and meaningful text
(Chen et al., 2006). Acknowledging the significant
role these three types of cognitive load play in the
performance of ALMs is crucial. By understanding
these factors, researchers can develop more effective
techniques to improve the quality of Al-generated
content, making the promise of truly human-like text
generation more attainable.
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3.0 RESEARCH METHODOLOGY

This study employed a multifaceted research
methodology to investigate the impact of cognitive
load on Al text imitation. The approach integrated a
diverse corpus, rigorous data preprocessing, a
comprehensive evaluation framework combining
human and automated metrics, and specific
measures to validate cognitive load.

DATASET AND PREPROCESSING: A robust and
diverse dataset was pivotal for examining the
cognitive dimensions of Al text imitation using
GPT-3.5. This research integrated the "Yelp
Reviews - Dataset of Yelp Review Sentiment
Analysis" from Kaggle, featuring over 600,000
reviews distributed evenly across positive, negative,
and neutral sentiments. The dataset ensured
representation from a variety of business categories
and  geographic  regions, enhancing the
generalizability of findings. Additionally, a custom
email corpus was assembled to capture a range of
textual genres, encompassing bulk newsletters,
commercial spam, and anonymized personal
communications. To prepare the data for model
evaluation, a rigorous preprocessing pipeline was
implemented. All text samples underwent
deduplication, normalization to standard formats,
and correction of typographical errors. Further,
advanced augmentation techniques such as back-
translation and paraphrasing introduced syntactic
variety, while stylistic and contextual variations
helped the model adapt to diverse communicative
scenarios.

MODEL CONFIGURATION AND
EXPERIMENTAL DESIGN: Central to the study’s
experimental design was the use of OpenAI’s GPT-
3.5, specifically accessed through the “text-davinci-
003 API endpoint. The model was not fine-tuned
on proprietary data but leveraged as a pretrained
large language model with context up to 2023,
providing robust baseline performance across
genres. Prompts for text generation were
meticulously crafted to probe the model’s response
to varying cognitive load factors. Intrinsic load was
explored through prompts of varying syntactic
complexity and vocabulary difficulty, extraneous
load by introducing ambiguity and irrelevant details,
and germane load by prompting for domain-specific
reasoning and creative extension. Output generation

parameters, such as temperature (ranging from 0.7
to 1.0) and maximum token length (set at 300 words
per sample), were standardized to ensure
consistency and comparability across experimental
conditions

EVALUATION  FRAMEWORK: The  study
employed a holistic evaluation framework that
blended quantitative and qualitative metrics for
comprehensive assessment. Quantitatively, model
outputs were evaluated via Word Error Rate (WER),
BLEU score, and automated grammar and
coherence diagnostics using reputable third-party
NLP toolkits. Complementing this, a qualitative
evaluation strategy was implemented, involving a
panel of ten human raters drawn from a mix of
linguistic backgrounds, native English speakers, and
individuals with varying degrees of Al literacy.
These evaluators were provided with clear rubrics
and operated in a blinded, randomized environment
to minimize bias and assess criteria such as
coherence, grammatical accuracy, stylistic
effectiveness, and overall readability. Each text
sample was anonymized and randomized before
rating.

The selection of evaluators for the human
assessment component of this study was carried out
using stratified purposive sampling to ensure
representation across key demographic and
expertise-related strata. Ten evaluators were
recruited, consisting of three native English speakers
with professional editing or writing experience,
three linguistics experts holding advanced degrees in
language studies, and four additional raters drawn
from  various professional and academic
backgrounds with differing levels of prior exposure

to Al-generated content. Demographic
information—including age, gender, educational
attainment, and primary language—was

documented to facilitate a balanced panel and to
control for potential confounding factors.

Efforts to promote diversity and minimize bias
included explicit recruitment outreach across
multiple geographic locations, targeting urban and
semi-urban populations within India, the United
States, and the United Kingdom. The rater selection
process monitored for gender parity and
generational balance. Prior to participation, all
evaluators underwent a brief calibration session to
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acquaint them with the rating rubric and to ensure
uniform interpretation of assessment criteria. The
evaluation procedure was conducted in a blinded
manner: each rater received randomized,
anonymized text samples and was unaware of the
GPT-3.5 model’s outputs versus baseline or human-
written references. This design minimized
expectancy and anchoring effects, supporting an
unbiased and representative assessment of text
quality and cognitive load.

COGNITIVE LOAD MEASUREMENT: Drawing on
Cognitive Load Theory, this study operationalized
cognitive load via three distinct measures. Intrinsic
load was quantified by recording the time each
evaluator needed to read and comprehend a text
sample. Extraneous load was indirectly measured
through behavioral indicators, such as the frequency
of interruptions or confusions observed during the
reading process. Germane load was captured by
enumerating the number of novel ideas or concepts
spontaneously generated by human evaluators in
response to model outputs. Data collection involved
both self-report Likert scales and objective logging
of behavioral interactions. Descriptive statistics and
correlation coefficients were computed to examine
relationships among the cognitive load dimensions,
the complexity of the tasks, and the quality of Al-
generated outputs.

PERFORMANCE COMPARISONS AND
STATISTICAL SIGNIFICANCE TESTING:
Quantitative results were subjected to granular
comparative analysis using established statistical
methods. Performance differences in key metrics,
such as Word Error Rate (WER), BLEU score, and
evaluator coherence ratings, were calculated for
each  cognitive load  condition—intrinsic,
extraneous, and germane—across both baseline and
experimental prompts. For each comparison, means
and standard deviations were reported; for example,
introducing complex syntax increased WER from
13.8% (SD =3.9) to 16.1% (SD = 4.5), representing
a statistically significant difference of 2.3
percentage points. Two-tailed paired t-tests were
used to evaluate within-group differences, while
independent sample t-tests assessed differences
between groups, applying Bonferroni correction
where multiple comparisons were made.

The strength of relationships between cognitive load
measures and model performance was evaluated
through Pearson’s or Spearman’s correlation
coefficients, depending on data normality. For
instance, a significant positive correlation was
observed between intrinsic load and comprehension
time (r = 0.72, p < 0.01), while extraneous load was
negatively correlated with evaluator ratings of text
coherence (r = —0.64, p < 0.05). Effect sizes were
calculated using Cohen’s d where appropriate, and
results were presented with 95% confidence
intervals to support further meta-analytical work.
All statistical analyses were conducted using
reproducible scripts in Python or R, with full
transparency regarding procedures and thresholds
for significance.

ETHICAL CONSIDERATIONS: Ethical rigor was
maintained throughout all stages of the research.
Informed consent procedures were strictly followed
for all activities involving human participants,
ensuring privacy and autonomy. Regular monitoring
of dataset composition and output diversity was
conducted to mitigate bias and uphold fairness. The
methodology also prioritized transparency, with all
decisions regarding prompt construction, data
selection, and analytic approaches fully disclosed.
Cross-validation methods ensured the robustness
and generalizability of results, and careful
deliberation attended to the broader societal
implications of advanced Al text generation and
content detection. Ultimately, these methodological
practices were designed to uphold both empirical
integrity and ethical responsibility in the pursuit of
high-quality research outcomes.

4.0 RESULTS AND ANALYSIS

The experiments yielded significant findings
regarding the impact of cognitive load on Al text
generation, the quality of the generated text as
assessed by human evaluators, and the cognitive
effort required to process the output.

4.1 IMPACT OF COGNITIVE LOAD ON TEXT
GENERATION

The study's primary experiments, conducted on the
Yelp Reviews dataset, investigated the effects of
intrinsic, extraneous, and germane load on the
performance of the Al language model.
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INTRINSIC LOAD: Factors designed to increase
intrinsic load had a quantifiable negative impact on
the model's performance. The introduction of
complex sentence structures resulted in a 17%
increase in WER compared to baseline conditions.
Similarly, the use of unfamiliar vocabulary impaired
the model's ability to interpret terms accurately,
leading to text with lower automated coherence
scores (2.9/5.0).

EXTRANEOUS LOAD: Extraneous load factors
consistently hindered the model's text imitation
capabilities. Ambiguous language and inconsistent
stylistic shifts caused a measurable decline in text
quality, reflected by a WER of 31%, significantly
higher than the control group.

GERMANE LOAD: Conversely, factors that
promoted germane load positively and significantly
influenced the model's output. Models trained with
topic-specific datasets and given access to relevant
knowledge bases produced text that was more
coherent and accurate, achieving a 22% reduction

in WER and higher human evaluation ratings for
relevance.

42 HUMAN EVALUATION OF AI-
GENERATED TEXT

A panel of ten evaluators from diverse backgrounds
assessed the quality of the Al-generated text. The
group included native English speakers (NS),
linguistics experts (LE), and individuals with
varying exposure to Al text (AE). The results
indicated a high level of proficiency in the generated
text, with consistently positive scores across all
evaluation criteria.

The aggregated scores, presented in Table 1, show
strong performance in coherence, grammar, style,
and readability. There was a high level of agreement
among the different evaluator groups, suggesting the
model is highly capable of generating natural,
human-quality text that resonates with a broad
audience.

Table 1: Human Evaluation Scores of AI-Generated Text

Criterion Native Speaker (NS) | Linguistics Expert (LE) AI Exposure (AE) Score
Score Score

Coherence 4.5/5 4.3/5 4.6/5

Grammar 4.8/5 4.6/5 4.7/5

Style 4.3/5 4.2/5 4.5/5

Overall Readability 4.7/5 4.4/5 4.8/5

4.3 COGNITIVE LOAD MEASUREMENT
RESULTS

The cognitive effort required for human evaluators
to process the Al-generated text was quantified. The
analysis revealed a moderate intrinsic load, a low
extraneous load, and a moderate germane load.

The average time to read and comprehend a text
sample (intrinsic load) was 3.2 minutes (Median =
3.1, SD = 0.8), suggesting the text was generally
easy to understand. The average number of clicks
away from a text sample (extraneous load) was 2.3
(Median = 2, SD = 1.2), indicating that evaluators
were not significantly distracted. The average
number of new ideas generated in response to a text
sample (germane load) was 3.4 (Median = 3, SD =
1.5), suggesting evaluators were actively and
productively engaged with the content.

Correlation analysis revealed a significant positive
correlation between intrinsic load and task
complexity (r=0.72), indicating that more complex
tasks required more time to comprehend. A
significant negative correlation was found between
extraneous load and AI model performance
(r=—0.64), suggesting that better-performing models
produced fewer confusing or distracting elements.

In parallel with the human evaluations, an Al
Content Detection Tool was used to distinguish
between human-written and Al-generated text from
the "LLM - Detect Al Generated Text" Kaggle
dataset. The tool achieved an accuracy rate of
approximately 80%, demonstrating its effectiveness
in identifying Al-generated content.
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5.0 DISCUSSION

The results of this study provide compelling
evidence that Cognitive Load Theory (CLT) is a
valuable framework for understanding and
improving Al text generation. The findings not only
confirm the study's central hypotheses but also offer
significant theoretical and practical implications.
The key takeaway is that the quality of Al-generated
text is intrinsically linked to the management of
cognitive load, and furthermore, that the output from
a well-trained model can be both high-quality and
cognitively efficient for human readers.

5.1 INTERPRETATION OF KEY FINDINGS

The experiments consistently demonstrated that
factors increasing intrinsic and extraneous load
negatively impacted the Al model's performance,
leading to comprehension challenges and incoherent
output. Conversely, promoting germane load
through topic-specific training and access to
knowledge bases significantly improved the quality
and structure of the generated text. This confirms
that the principles of cognitive efficiency are not
limited to human learning but can be effectively
applied to the processing challenges faced by Al
language models.

A particularly strong finding emerges from
combining human evaluation results with the
cognitive load measurements. The Al-generated text
was not only rated highly for quality and naturalness
by a diverse panel of human judges but was also
found to impose a low extraneous load and a
moderate germane load on those judges. This
suggests that the model is proficient at creating
content that is not only human-like but also clear,
engaging, and easy for a human to process and learn
from. The strong negative correlation between
model performance and extraneous load (r=—0.64)
provides quantitative support for this, implying that
a core feature of a high-quality model is its ability to
produce clear and non-distracting text.

5.2 THEORETICAL IMPLICATIONS

The primary theoretical contribution of this work is
the successful application and wvalidation of
Cognitive Load Theory (CLT), a framework from
human psychology, in the non-human domain of Al
text imitation. Our findings empirically extend the

principles  established by Sweller (2019),
demonstrating that the concepts of intrinsic,
extraneous, and germane load are not only relevant
but critical for diagnosing and improving the
performance of artificial cognitive systems.

This study provides a more granular, theory-driven
vocabulary to diagnose model failures. For instance,
our result that inconsistent style and ambiguous
language hinder Al performance provides direct
evidence for the arguments made by Beasley &
Waugh (1995) and Ahuja & Webster (2001) in the
context of human learning. Their work identified
these factors as sources of extraneous load that
disrupt human comprehension, and our research
confirms that Al models are susceptible to the exact
same performance inhibitors. Similarly, the finding
that complex sentence structures overwhelm the
model aligns with the work of Chen et al. (2006) on
intrinsic load, providing new evidence for this
principle in an Al context.

Furthermore, this research extends CLT by
demonstrating its relevance not just for the
generation of text by an Al but also for the
consumption of that text by a human. The interplay
between the model's performance and the resulting
cognitive load on the reader suggests a symbiotic
relationship that warrants further theoretical
exploration.

5.3 PRACTICAL IMPLICATIONS

The  findings  offer  several  actionable

recommendations for practitioners:

FOR AI DEVELOPERS: The results provide a clear
directive for model training. To improve
performance, developers should focus on
minimizing detrimental load types. This includes
using pre-processing techniques to simplify
complex syntax (reducing intrinsic load) and fine-
tuning models on highly consistent and
unambiguous data (reducing extraneous load). Most
importantly, to enhance output quality, developers
should prioritize increasing germane load by
training models with domain-specific datasets and
integrating external knowledge bases.

FOR EDUCATORS AND CONTENT
MODERATORS: The demonstrated 80% accuracy
of the AI Content Detection Tool provides a
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practical and immediately applicable resource. This
tool can be deployed in academic settings to uphold
integrity and on online platforms to identify
potential misinformation or automated content, thus
ensuring a higher standard of content quality.

5.4 LIMITATIONS AND FUTURE RESEARCH

This study has several limitations that open avenues
for future research. The findings are based on a
specific Al language model; future work should seek
to replicate these results across different model
architectures (e.g., transformers, RNNs) to establish
generalizability. The datasets used, while diverse,
were primarily composed of reviews and emails.
Future research could explore the role of cognitive
load in more specialized domains, such as the
generation of scientific, legal, or creative text.

Finally, this study opens the door for developing
"CLT-aware" training methodologies that explicitly
reward a model for generating text that is low in
extraneous load and high in germane load for a target
audience. Investigating how to optimize this balance
between model performance and human cognitive
efficiency remains a promising direction for the
future of Al text generation.

6.0 ETHICAL CONSIDERATIONS AND
RESPONSIBLE Al

The rapid advancements in Al text generation
detailed in this paper carry profound ethical
implications that must be addressed to ensure
responsible innovation. Our research aligns with this
imperative by not only proposing technical
optimizations but also considering their role in
mitigating key ethical challenges, specifically
misuse, bias, and a lack of transparency.

A primary concern is the potential for highly fluent
Al-generated text to be exploited for malicious
purposes, such as spreading misinformation or
impersonation. While our research focuses on
enhancing naturalness, we recognize this makes
robust detection methods more critical than ever.
Our work contributes to responsible Al use by
developing and validating tools that can effectively
distinguish between human and Al-generated
content, thereby providing a necessary safeguard
against such misuse.

Another significant ethical challenge is the
perpetuation of bias and discrimination through Al
models. This study directly addresses this concern
by emphasizing the diversification of training data.
By training models on a more inclusive and
representative range of text, we can actively mitigate
inherent biases and foster the generation of content
that is more equitable and less likely to reinforce
harmful stereotypes.

Finally, the inherent complexity of Al models raises
issues of transparency and accountability. Our
proposed optimizations, particularly those aimed at
improving model explainability, are a direct
response to this challenge. Enhancing transparency
is a critical step toward enabling developers and
users to understand Al decision-making processes,
which in turn facilitates accountability and more
ethical implementation.

In conclusion, this research underscores that
technical advancements and ethical considerations
are inextricably linked. The proposed optimizations
contribute  significantly to responsible Al
development by offering strategies that directly
address the challenges of misuse, bias, and
transparency. As these technologies evolve, a
steadfast commitment to ethical principles is
paramount to ensure that Al is harnessed for the
benefit of society.

7.0 CONCLUSION:

This research successfully demonstrates that
Cognitive Load Theory (CLT) provides a robust
framework for understanding and improving Al text
imitation. Our findings reveal the intricate interplay
of intrinsic, extraneous, and germane load, offering
a clear roadmap for addressing key challenges such
as handling complex syntax and unfamiliar
vocabulary. Through comprehensive human
evaluations and cognitive load measures, we
confirmed that our Al model can produce text that is
not only natural and coherent but is also cognitively
efficient for human readers to process.

The practical insights from this study guide the
development of higher-quality Al models by
emphasizing tailored training datasets and the
integration of reasoning skills. Furthermore, this
work contributes to the responsible and ethical
evolution of Al by providing strategies to mitigate
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