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A B S T R A C T 

The purpose of the research was to analyze the transformations that artificial 

intelligence, and in particular large-scale language models, generate in three 

dimensions: education, labor productivity, and neurocognitive processes. A 

systematic review of scientific literature was conducted under the PRISMA 

2020 protocol, covering the period 2021–2025. Initially, more than 58,000 

records were identified in specialized databases and repositories, which, after 

a rigorous screening process, were reduced to a final sample of 98 articles. The 

findings show that the benefits of AI depend less on its technical capacity and 

more on the pedagogical, organizational, and cognitive conditions that guide 

its implementation. The novel contribution of the study lies in integrating these 

three dimensions into a common framework.  

                   © 2026 Journal of Trends and Challenges in Artificial Intelligence R      

 

 
 

 

1. INTRODUCTION 
 

Artificial intelligence, and particularly large language 

models, have consolidated as one of the most influential 

technological innovations today, with visible 

repercussions in education, labor productivity, and 

neurocognitive processes. In the educational field, 

various studies have demonstrated that their integration 

fosters personalized learning, intelligent tutoring, and 

immediate feedback, which positively influence 

students’ motivation and performance when applied 

under structured pedagogical frameworks (Bettayeb et 

al., 2024; Kestin et al., 2025; Wang & Fan, 2025). In 

parallel, in the labor domain, these tools have increased 

productivity and reduced performance inequalities 

among profiles with different levels of experience, while 

also stimulating individual creativity, albeit with risks of 

content homogenization and loss of diversity in 

collective production (Noy & Zhang, 2023; Doshi & 

Hauser, 2024; Sun et al., 2025). In the neurocognitive 

domain, recent literature warns that constant interaction 

with these systems transforms mechanisms of memory, 

attention, and executive control, generating immediate 

benefits in efficiency but also threats such as “cognitive 

debt” associated with the excessive outsourcing of 

processes (Grinschgl et al., 2021; Gkintoni et al., 2025a; 

Mischler et al., 2024). 

The relevance of studying this phenomenon lies in the 

need to articulate dimensions that, until now, have been 

examined in a fragmented manner. Understanding the 
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simultaneous impact of language models on education, 

work, and cognition makes it possible to transcend a 

merely instrumental vision and emphasize the ethical, 

pedagogical, and social challenges accompanying their 

expansion. This approach is essential, since the decisions 

that guide their incorporation affect not only immediate 

learning or organizational productivity but also condition 

the configuration of future competencies and the 

preservation of individual cognitive autonomy (Munaye 

et al., 2025; Guizani et al., 2025; García-López & Nájera-

Ochoa, 2025). In this sense, the research gains practical 

relevance by providing evidence that can guide 

institutional policies and models of technological 

governance oriented toward responsible and human-

centered use (Krakowski et al., 2025; Brewer et al., 

2024). 

Nevertheless, the reviewed literature reveals significant 

gaps. In the educational field, longitudinal studies 

evaluating the impact of these tools on the consolidation 

of higher-order competencies remain scarce (Deng et al., 

2025; Lo et al., 2024). In the workplace, there is still a 

lack of evidence on how to balance productivity gains 

with the long-term preservation of creative diversity 

(Doshi & Hauser, 2024; Sun et al., 2025). In the 

neurocognitive sphere, research presents methodological 

and representational limitations that hinder the 

generalization of findings regarding memory, control, 

and learning in heterogeneous populations (Baydili et al., 

2025; Brook et al., 2025). These gaps raise questions 

such as: how do language models transform teaching 

processes without compromising students’ cognitive 

autonomy, how do they affect productivity and creativity 

in the tension between individual efficiency and 

collective diversity, and what neurocognitive 

implications emerge from intensive use of these 

technologies? 

This study was designed as a systematic literature review 

under the PRISMA 2020 protocol, with a temporal scope 

of 2021–2025. Initially, more than 58,000 records were 

identified, which, after a screening and exclusion 

process, were refined to a final sample of 98 articles 

classified into three areas: education and learning, labor 

productivity and creativity, and neurocognition and 

health. The novelty of the study lies in offering an 

integrative framework that connects three dimensions 

usually analyzed in isolation, allowing the construction 

of a broad vision of the effects of artificial intelligence on 

human experience (Franceschelli & Musolesi, 2025; 

García-López & Nájera-Ochoa, 2025). The central 

hypothesis proposes that the benefits of language models 

depend less on their technical capabilities than on the 

pedagogical, organizational, and cognitive conditions in 

which they are implemented; therefore, their potential 

only materializes in intentionally designed, ethically 

regulated, and human-centered contexts capable of 

maximizing their contributions and mitigating risks of 

dependency, homogenization, and loss of cognitive 

autonomy (Krakowski et al., 2025; Zhai et al., 2024; 

Abbas et al., 2024). 
 

 

2. METHODOLOGY 
 

This research was structured as a systematic review of 

scientific literature following the guidelines of the 

PRISMA 2020 protocol (Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses), with the 

purpose of rigorously analyzing the impact of generative 

artificial intelligence and large language models (LLM) 

in three fundamental areas: higher education and 

learning, labor productivity and creativity, and 

neurocognitive processes and health (Figure 1). 

The temporal scope of analysis covered the period 2021–

2025, during which 31,395 records were initially 

identified in education, 9,728 in productivity and 

creativity, and 99 in neurocognition, complemented with 

535 documents in governmental databases 

(Ciencia.Science.gov), 17,300 in Google Scholar, and 

168 in specialized preprint repositories (arXiv, 

TechRxiv, bioRxiv). The search strings combined 

English and Spanish terms with Boolean operators, 

including expressions such as ChatGPT OR Generative 

AI AND Teaching AND Learning, Large Language 

Models AND Productivity AND Creativity, and 

Artificial Intelligence AND Neurocognition AND 

Cognitive Processes. 

The inclusion criteria considered peer-reviewed articles 

and preprints from recognized repositories, published in 

English (n=96) or Spanish (n=2), with direct thematic 

relevance and preference for open access (74 open-access 

and 24 in hybrid journals). As exclusion criteria, 

duplicates, grey literature, non-academic documents, and 

studies without explicit methodology were removed. The 

screening process was conducted in stages through title 

review, abstract evaluation, and full-text reading, which 

allowed the final sample to be refined to 98 articles. 

The selected studies were classified into three thematic 

areas: education and learning with AI/LLM (54 articles), 

labor productivity and creativity (24 articles), and 

neurocognitive processes and health (20 articles). They 

were also distributed chronologically across five years 

(Figure 2): 2021 (4 articles), 2022 (1), 2023 (9), 2024 

(38), and 2025 (37). For each study, the following 

elements were extracted: author(s), year, title, journal or 

repository, methodology, limitations, and findings, all 

organized in an analytical matrix. Finally, quality 

assessment was performed by evaluating the coherence 

among objectives, methods, and results, as well as the 

transparency in presenting the analysis. Conceptual 

articles were integrated as theoretical reference 

frameworks, while empirical studies and meta-analyses 

were prioritized in the final synthesis, which allowed the 

consolidation of a robust and relevant body of evidence 

(Table 1). 
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Figure 1. Methodological Flowchart of the Systematic Review 

Source: Prepared by the authors, 2025. 

 

 
Figure 2. Distribution of articles by year 

Source: Prepared by the authors, 2025. 

 

Table 1. Database directory and search results on AI, LLM and education (2021-2025) 
Database / 

Directory 
Approach Search nomenclature 

Period 

(year) 

Number of items 

found 

ScienceDirect 

Transforming the educational paradigm 

with AI and LLM 

ChatGPT OR Generative AI AND Teaching 

AND Learning 

2021-2025 

31.395 

Ciencia.Science.gov 
Artificial Intelligence AND Large Language 

Models AND Education 
535 

Google Scholar 
Artificial Intelligence AND Higher Education 

AND Pedagogy 
17.300 

arXiv 
Artificial Intelligence AND Personalized 

Learning AND Feedback 
168 

ScienceDirect 

AI/LLM in productivity and workplace 

creativity 

Artificial Intelligence AND Large Language 

Models AND Productivity 
9.728  

Ciencia.Science.gov 
Generative AI AND Workforce OR Labor 

Market 
224  

Google Scholar 
ChatGPT OR LLM AND Creativity AND 

Innovation 
17.200 

arXiv 
Artificial Intelligence AND Human-Centered 

Design AND Workplace 
2 

ScienceDirect 

Neurocognitive Foundations and LLM 

Artificial Intelligence AND Neurocognition 

AND Cognitive Processes 
99 

Ciencia.Science.gov 
Large Language Models AND Cognitive 

Offloading AND Memory 
49 

Google Scholar 
Artificial Intelligence AND Cognitive Load 

AND Learning 
17.000 

arXiv Artificial Intelligence AND Cognitive Control 280 

Source: own elaboration, 2025. 
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3. RESULTS 
 

3.1 The transformation of the educational paradigm 

through artificial intelligence and language models 

Large-scale language models have begun to shape a new 

paradigm in education, transforming both teaching 

practices and learning processes through personalization, 

intelligent tutoring, and automated feedback mechanisms 

that directly impact student motivation and performance 

(Meyer et al., 2024; Liu et al., 2025; Liu et al., 2024a; Lo 

et al., 2024). Their integration into formal educational 

contexts has been shown to have a widespread positive 

impact when used under appropriate pedagogical 

conditions, as they facilitate the generation of 

individualized plans, autonomous practice, and the 

reinforcement of specific skills, elements that contribute 

to a more favorable perception of learning (Bettayeb et 

al., 2024; Wang & Fan, 2025; Kestin et al., 2025; Deng 

et al., 2025). Consequently, it has been identified that the 

use of these systems improves self-efficacy, reduces 

anxiety when faced with complex tasks and promotes the 

construction of a supporting environment that increases 

confidence in problem-solving processes (Zhai et al., 

2024; Duy et al., 2024; Munaye et al., 2025; Guizani et 

al., 2025). 

Despite these benefits, various analyses have shown that 

an overreliance on language models carries significant 

risks for the consolidation of cognitive and practical 

skills, particularly in areas such as programming and 

logical reasoning, where excessive use of these tools is 

associated with a decrease in the ability to internalize 

essential skills (Yan et al., 2025; Jošt et al., 2024; 

Welskop, 2023; Filippi & Motyl, 2024). In this sense, it 

has been documented that students who turn to these 

applications as simple response machines tend to show a 

lower capacity for abstraction, a deficit in conceptual 

retention, and lower performance in academic 

assessments (Mutanga et al., 2025; Luo et al., 2025; 

Younas et al., 2025; Jin et al., 2023). Therefore, it is 

essential to emphasize that the negative effects do not 

derive from the use of technology itself, but from the way 

in which it is articulated within a structured pedagogical 

design oriented towards the development of higher-order 

skills (Prasad & Sane, 2024; Wecks et al., 2024; Liffiton 

et al., 2023; Leinonen et al., 2023). 

Pedagogical design is therefore a determining factor in 

understanding the differences in the observed impacts, 

since the integration of language models as intelligent 

tutors promotes the scaffolding of learning, increases 

active student participation, and favors the co-

construction of knowledge, while their passive use limits 

the development of cognitive autonomy (Yang et al., 

2025; Heung & Chiu, 2025; Peláez-Sánchez et al., 2024; 

Abbas et al., 2024). Likewise, the inclusion of these 

systems in training practices focused on problem-solving 

contributes to generating more dynamic learning 

scenarios, where error becomes an opportunity for 

exploration and adjustment, thereby raising the quality of 

the educational experience (Silva et al., 2024; Yang et al., 

2025; Güner & Er, 2025; Rahe & Maalej, 2025). 

Similarly, the role of immediate feedback has proven to 

be fundamental in consolidating learning, by allowing 

students to correct their productions in real time and 

achieve a deeper understanding of the content covered 

(Dinucu-Jianu et al., 2025; Chowdhury et al., 2024; Shen, 

2024; Wang et al., 2024). 

It is worth noting that the differential effects on students 

become relevant when it is found that those with lower 

initial performance experience greater benefits from 

interacting with language models, given that these 

systems contribute to calibrating self-assessment and 

building more accurate representations of their own 

knowledge (Huber et al., 2024; Lopez-Gazpio, 2025; 

Sharma et al., 2025; Nie et al., 2024). This compensatory 

effect reinforces the importance of its use as a mechanism 

for educational equity, insofar as it offers lagging 

students opportunities for academic remediation that 

could hardly be achieved through traditional 

methodologies (Hellas et al., 2024; Padiyath et al., 2024; 

Lehmann et al., 2024; Chu et al., 2025). In parallel, it has 

also been reported that the implementation of 

pedagogical feedback systems mediated by artificial 

intelligence allows reducing performance gaps and 

promoting more inclusive learning, particularly in highly 

technical areas such as programming (Scholz et al., 2025; 

Wang et al., 2025;Jyothy et al., 2024; Ganjavi et al., 

2024). 

The consolidation of these findings allows us to affirm 

that the transformation of the educational paradigm 

through the incorporation of language models does not 

only constitute a technological innovation, but also 

structurally redefines the dynamics of teaching and 

learning, providing new forms of personalization, access, 

and support (Fan et al., 2025; Meyer et al., 2024; Liu et 

al., 2025; Wang & Fan, 2025). However, it is recognized 

that the benefits are closely linked to an intentional 

pedagogical design and active teacher supervision that 

avoids instrumental dependence and promotes 

meaningful and sustainable learning (Abbas et al., 2024; 

Guizani et al., 2025; Munaye et al., 2025; Filippi & 

Motyl, 2024). In short, language models are configured 

as a tool with an undeniable potential to strengthen the 

quality of training processes, provided that their 

implementation responds to clear pedagogical principles, 

defined training objectives and constant support that 

guarantees the consolidation of lasting and transferable 

skills (Chu et al., 2025; Scholz et al., 2025; Lopez-

Gazpio, 2025; Sharma et al., 2025). 

 

3.2 Productivity and creativity at work with the 

assistance of language models 

The integration of language model-based systems has 

been quantified with average execution time reductions 

of around 40% and output quality increases of nearly 

18% in professional writing tasks with university 

participants randomly assigned to use ChatGPT; 

moreover, the likelihood of subsequent actual use 

doubled after two weeks and remained 1.6 times higher 

at two months, indicating persistent adoption (Noy & 

Zhang, 2023). In a field experiment with sales personnel, 
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the "non-adapted" treatment resulted in 0.46 fewer daily 

meetings than the control and around a 20% decrease in 

performance, along with approximately 547 fewer units 

sold per day; in contrast, the "human-centered" treatment 

added 0.84 daily meetings, more than a 40% relative 

increase, and approximately 450 additional units sold, 

with effects that consolidated over time (Krakowski et 

al., 2025). 

In customer service, a mixed study showed that the 

perception of “informational support” and “emotional 

support” derived from the use of chatbots is associated 

with standardized coefficients β = 0.40 and β = 0.60, 

respectively, while the perceived ability of the chatbot to 

“improve service”, “support the decision” and 

“streamline business” was related to β = 0.35, β = 0.33 

and β = 0.20; Additionally, contextual surveys reported 

that more than 80% of consumers have interacted with 

chatbots, 75% doubt their capacity for complex requests 

and up to 30% would abandon a purchase after a negative 

experience, in parallel with the fact that 79% of service 

personnel consider that technology affects their work 

(Lin et al., 2024). 

In persuasive messaging, the probability of request 

fulfillment increased from 63% (control) to 77% with the 

foot-in-the-door technique, to 84% with verbal 

anthropomorphism, and to 95% with the combination of 

both; the estimated odds ratios were 2.50 and 3.98 with 

respect to the baseline (N = 153) (Adam et al., 2021). In 

the infrastructural layer that determines latencies and 

operating costs, disaggregating inference phases reduced 

the time to first token by up to 97%, the job completion 

time by 47–50%, and resource consumption by 38%, 

with additional improvements of 44% in TTFT, 17% in 

JCT, and 1.4× in performance-to-cost in multi-server 

deployments; Furthermore, prefill latency decreased by 

86.4% under shard partitioning, while dynamic 

reservation policies cut JCT by 10–12% under composite 

loads (Hu et al., 2024; Hu et al., 2025). 

In relational analytics with LLM, field reordering, 

prompt reuse, and prefix caching produced speedups of 

1.5–3.4× in end-to-end latency and cost savings of up to 

32% over proprietary models, with increases in prefix-hit 

rate and near-optimal solutions running in seconds (vs. 

hourly solves) with losses ≤ 2% relative to the optimum 

(Liu et al., 2024b). In financial marketing roles, the 

multi-component PU-learning methodology 

outperformed baselines in AUC and adjusted AUC in 

simulations with 100 replicates (e.g., AUC 0.699 and 

adjusted AUC 0.767 for n = 800; AUC 0.737 and 

adjusted AUC 0.782 for n = 1600), with consistent 

improvements in mean square error of coefficients and 

preference matrices (Chen et al., 2023). In job 

recommendation, a generative approach increased AUC 

by 1.5% to 5.2% compared to baseline predictors and 

reduced LogLoss by up to 29.8%, with robust 

improvements across multiple datasets (Zheng et al., 

2023). 

The leveling effect between less and more skilled profiles 

is manifested in the narrowing of performance inequality 

when LLM assistance is enabled, given that participants 

with weaker skills captured greater marginal benefits in 

time and quality during the experiment with professional 

tasks; moreover, sustained adoption suggests that the 

gain is not restricted to the laboratory (Noy & Zhang, 

2023). In the field, “human-centric” orchestration was a 

condition for the technology to enhance productivity, 

while the “non-adaptive” configuration was associated 

with losses of around 20%, implying that leveling 

depends on a design that addresses cognitive styles and 

roles (Krakowski et al., 2025). 

In short creativity, a small model scored short synopses 

14% higher than humans overall and produced surprising 

associations in 15% of cases versus 2–3% for large 

models, but showed lower internal consistency (e.g., 

68.3–95–100% internal consistency depending on 

condition), with attribute-specific improvements in 

readability (22%), comprehensibility (17%), relevance 

(23%), informativeness (11%), and appeal (18%) (Marco 

et al., 2024). In creative writing tasks supported by AI-

generated ideas, granting one idea increased “usefulness” 

by 5.4% and five ideas increased it by 9%; “Novelty” 

increased by 6.3–10.7%, “good writing” by 26.6%, and 

“enjoyment” by 22.6%, with 88.4% of participants 

requesting ideas and an average of 2.55 calls (24.5% 

asking for five ideas), although greater similarity was 

observed between stories within the treated groups, 

which reduces the collective diversity of content (N = 

293 writers; N = 600 evaluators) (Doshi & Hauser, 2024). 

Convergently, in a recent synthesis, 9.4% of individuals 

outperformed GPT-4 on creativity metrics, while in 

problem solving, models contributed about 33% of the 

best answers on social tasks and 40–57% on scientific 

tasks; overall, about one-third of the top ten answers 

came from LLMs (Sun et al., 2025). AI literacy and 

interaction quality shape individual and collective 

performance; Structural models with K-12 teachers 

showed that behavioral intention to learn AI was 

explained by 75% and perception of social good 

applications by 70%, with direct effects β = 0.62 

(perception → intention) and β = 0.29 (self-efficacy → 

intention), in addition to β = 0.77 (literacy → self-

efficacy), β = 0.18 (literacy → perception), and β = 0.62 

(literacy → ethical awareness); the fit indices were CFI = 

0.927–0.965 and RMSEA = 0.071–0.089 in different 

submodels (Du et al., 2024). 

In higher education, a systematic review identified that 

18 works reported as "disseminations" and a large 

volume of experiences with structured prompting, task 

decomposition, and guided self-reflection are associated 

with improvements in assessed products, which guides 

the design of competency-based curricula (Lee & Palmer, 

2025). In the mapping of teaching research, 44 

educational AI studies were analyzed from 751 initial 

records; 70% of the works came from the Web of 

Science, 46% were conducted in university settings, and 

the collection techniques included video (22%), 

interviews (22%), questionnaires (18%), and interaction 

logs (7%), among others (Celik et al., 2022). 

On divergent thinking measures, GPT-4 outperformed 

the human average on originality with main effects 
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F(1,600) = 622.10 and η² = 0.51, and stimulus effects 

F(1,600) = 584.50 and η² = 0.49; however, the human 

maximum outperformed the model maximum, with inter-

rater ICC consistencies of 0.88–0.93 and moderate 

correlations between semantic distance and judgments (r 

≈ 0.52–0.55) (Hubert et al., 2024; Koivisto & Grassini, 

2023). In story authorship detection, accuracy reached 

94% for expert judges, 81% for non-experts, and 71% for 

an evaluative LLM, which shows detectable stylistic 

patterns in part of the generated production (Ismayilzada 

et al., 2024). Automatic evaluation with LLM-as-judge 

showed correlations with humans that can be considered 

high; in particular, for recent families such as Qwen 2.5 

and Llama 3.3, coefficients higher than those obtained 

with EM/F1 metrics are reported, with references to 

thresholds of r > 0.80 for strong correspondence (Ho et 

al., 2025). 

In pre-writing co-creation, a study with 15 participants 

documented that LLM support is perceived as “second-

minded” in the pre-writing phase, with an easing of the 

burden on ideation and planning and an increase in post-

writing curation and editing work (Wan et al., 2024). In 

a conceptual synthesis and comparative evidence, 

conditions under which human-AI collaboration 

enhances the problem-finding phase more than the 

problem-solving phase have been discussed, widening 

the formulation space before converging, with 

implications for the governance of creative processes in 

organizations (Sabbah & Li, 2025; Chen & Chan, 2024; 

Bellemare-Pepin et al., 2025; Franceschelli & Musolesi, 

2025; Laverghetta et al., 2025; Lockhart, 2025). 

In on-demand work platforms and microtasks, the 

proportion of LLM-generated texts was estimated at 33–

46% using a combination of typing dynamics and 

detection classifiers; a specialized detector flagged 46% 

(95% CI: 31–61%) of summaries and another 33% (95% 

CI: 20–45%) as synthetic, with a macro-F1 of 97–99% in 

validation, while a general classifier only recognized 

26% of LLM texts, introducing measurement bias if 

domain-adapted detectors are not used (Veselovsky et al., 

2023). In retail-related sector settings, almost all 

participants (93%) purchased a product during a 

shopping experience; 65% did so in physical stores and 

35% online, with a distribution by categories that 

included 47.7% fashion and 19.6% consumer electronics, 

among others, which contextualizes customer inspiration 

patterns in the face of hybrid channels (Frasquet et al., 

2024). 

In applied creativity with synopsis, already cited, the 

percentages of internal coherence ranged between 68.3% 

and 100% depending on the condition, and “surprising” 

associations were observed in 15% of the SLM material 

compared to 1.6–3.3% in alternatives, with data sets of 

42,049 examples for training-validation-testing 

(80/10/10) (Marco et al., 2024). In competency extraction 

from textual descriptions, a fine-tuned 8B LLaMA-3 

achieved a total F1 of 64.8% (64.7% in validation), with 

F1 of 54.3% for “skills” and 74.2% for “knowledge”, 

outperforming BERT/SpanBERT baselines (≈ 57.7–

58.9%) and recent methods (≈ 62.6–64.2%), enabling 

partial automation and profile traceability (Herandi et al., 

2024). In human-AI collaboration on creative tasks, the 

effect of modality (sequential co-authoring, task splitting, 

assisted ideation) and user expertise modulate the quality 

and perceived usefulness of products; This pattern is 

articulated with the evidence that gains are greater in less 

expert profiles and with the warning that stylistic 

homogeneity can grow when the use of AI ideas becomes 

widespread (Chen & Chan, 2024; Doshi & Hauser, 

2024). 

Regarding the organizational and labor policy context, 

various analyses have considered that the diffusion of 

LLMs will coexist with job creation and loss, which 

shifts the emphasis toward continuous reskilling and role 

redesign strategies. Although this is a conceptual 

document, the argument is supported by comparisons of 

scenarios and sectoral trajectories (Wang, 2023). In 

parallel, technological integration frameworks have been 

proposed combining generative AI and blockchain to 

address traceability, governance, and risk, without 

providing primary quantitative metrics but offering 

design guidelines for information-intensive processes 

(Brewer et al., 2024). Finally, in biomedical research 

unrelated to job performance or organizational AI, 

experimental parameters of mechanical control and 

dosage (e.g., 0.1 MPa for 48 h and 20 mg/kg/day of 

quercetin) have been reported that illustrate practices of 

methodological rigor in applied studies, although their 

content is not extrapolated to the impact of AI on 

productivity and creativity at work (Ren et al., 2024). 

  

3.3 Neurocognitive Foundations of the Human Brain 

in the Age of AI with LLM 

The expansion of LLMs has reconfigured the 

neurocognitive ecosystem by accelerating the search, 

synthesis, and control of information, while introducing 

tensions between instrumental efficiency and the 

maintenance of autonomous reasoning and memory 

processes, with implications for individual and 

organizational epistemic agency (García-López & 

Nájera-Ochoa, 2025; Mischler et al., 2024). 

Computational neuroscience evidence shows alignments 

between contextual extraction hierarchies in LLMs and 

cortical trajectories during language comprehension, 

where higher model performance improves the prediction 

of neural responses and reduces the depth needed to 

encode features, suggesting shared principles of 

predictive computing (Mischler et al., 2024). 

In a complementary manner, brain network dynamics 

reveal that effective connectivity includes substantial 

competitive interactions, with 25% ± 8% negative edges 

in humans, 38% ± 7% in macaques, and 28% ± 4% in 

mice, implying a balance between cooperation and 

resource competition that conditions control allocation 

under intelligent assistance (Luppi et al., 2024). In 

cognitive control, frontal midline theta has been shown 

to index the need for control and discriminate strategies 

by decoding control states in a generalizable way in 

N=176 adults who faced inhibition, proactive/reactive 

control, and conflict, establishing a regulatory 
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mechanism applicable to algorithmic support contexts 

(Eisma et al., 2021). 

Likewise, the literature oncognitive 

offloadingdocuments immediate efficiency and 

multitasking gains when offloading costs are low, with 

N=172 participants showing greater accuracy on a 

concurrent N-back task by offloading more information 

under no-time-cost conditions (Grinschgl et al., 2023). 

However, cognitive offloading compromises subsequent 

memory by optimizing performance in the execution 

phase and decreasing recall and consolidation when 

deliberate practice is subtracted, an effect modulated by 

the anticipation of memory tests and by the balance 

between convenience and cost of offloading (Grinschgl 

et al., 2021). 

In the child population, it has been observed 

thatoffloadingIt depends on metacognitive judgments 

and the incentive structure of the task, with increases in 

recall when there is an offloading option and with 

external recording behaviors in around 67% of the items, 

which shows savings of immediate work resources and 

sensitivity to the perception of effort (Iley & Medimorec, 

2024). These findings support the conceptual axis of 

“cognitive load 2.0”, understood as the articulation 

between Cognitive Load Theory, neuroeducation and 

adaptive AI technologies that rebalance intrinsic, 

extrinsic and germinal loads through neurophysiological 

instrumentation and real-time adjustment (Gkintoni et al., 

2025a). 

A systematic review using the PRISMA protocol 

recorded 523 initial and 103 included studies on adaptive 

systems guided by neurophysiological markers, 

highlighting the use of EEG and fNIRS to adapt difficulty 

and feedback, with implications for personalization, data 

security, and equity of access in educational settings 

(Gkintoni et al., 2025a). Evidence indicates that 

neuroadaptive systems allow modulating extrinsic load 

by suppressing irrelevant elements and amplifying 

relevant scaffolds, while boosting germinal load by 

optimizing schema encoding under continuous 

EEG/fNIRS effort measurements, favoring efficiency 

without degrading deep processing (Gkintoni et al., 

2025b). 

In turn, multisensory and second language learning in 

adults shows robust neuroplasticity, synthesized in 80 

studies using fMRI, MEG, and DTI, with associations 

between multimodal immersion, increases in 

frontotemporal connectivity, and improvements in 

working memory, attention, and cognitive flexibility, 

relevant to designing AI supports that strengthen 

executive functions (Gkintoni et al., 2025b). It is evident 

that “cognitive debt” describes the progressive erosion of 

higher-level functions due to the chronic delegation of 

control and memory to artifacts, a phenomenon 

supported by industrial automation data where, after six 

weeks, the average cycle time increased and the “right-

first-time%” decreased in groups that relied on 

automation versus refresher training (Rashid & Rötting, 

2021). 

In organizations, a case study exposes vicious cycles of 

expertise erosion under cognitive automation; 

technological dependence reduces deliberate practice, 

consolidates rigidities, and feeds back into outsourcing, 

calling for knowledge governance and task redesign to 

safeguard cognitive autonomy (Rinta-Kahila et al., 

2023). Similarly, multitasking scenarios with unreliable 

automation illustrate performance declines explained by 

the "out-of-the-loop" phenomenon, which degrades 

situational awareness and manual skills; therefore, the 

reliability and adaptability of assistance are crucial to 

avoid losses of stability-flexibility in control (Stasch & 

Mack, 2025). 

In parallel, AI applied to mental health shows high 

metrics in multimodal classification tasks, with 98.2% 

accuracy, 99.15% sensitivity, and 99.53% specificity for 

multimodal emotional detection, and accuracies of 

97.86% in stress with ECG/GSR, although limitations in 

sample diversity and training times persist (Baydili et al., 

2025). It is worth noting that AUC≈0.94 are reported 

when distinguishing people with Alzheimer's from 

controls using speech extraction with transformer-based 

models, reinforcing the potential of digital biomarkers in 

psychiatry and neurology when physiological signals and 

language are combined (Baydili et al., 2025). 

A review in Alzheimer's disease that integrated 431 

studies reported an average AUC of 0.887 in AD and 

0.821 in MCI, with only 2 studies with external 

validation and 3 with calibration, calling for 

methodological transparency and out-of-sample 

evaluation for clinical translation (Qi et al., 2025). Due to 

the estimated global burden of dementia of >55 million 

people, with 60%–70% attributable to Alzheimer's 

disease, biomarker standardization and calibration 

reporting are priorities for reliable deployments in digital 

care and longitudinal monitoring (Qi et al., 2025). To 

enable open science and integrative biomarkers of 

affective state and sleep in development, a resource with 

high-quality neuroimaging (multi-echo fMRI and 

compressed dMRI), ecological momentary assessment, 

and behavioral data has been released, with an initial 

release of n=10 and a target of 100 participants (Brook et 

al., 2025). 

As a result, the integration of brain signals and behavior 

with standardized protocols allows for the study of 

covariations among mood variability, sleep architecture, 

and network organization, facilitating the validation of 

translational multimodal models in youth populations 

(Brook et al., 2025). On the neuroethical level, the use of 

BCIs for cognitive enhancement demands safeguards 

regarding identity, autonomy, and equity, given the 

sensitivity of neural data and the dependence on ongoing 

technical support. Therefore, frameworks for consent, 

fair distribution of access, and accountability for failures 

are required (Gordon & Seth, 2024). Therefore, the 

expansion of BCI technologies and their convergence 

with language analytics must be accompanied by robust 

privacy policies, interoperability standards, and audit 

mechanisms to maintain the integrity of personal agency 

during enhancement processes (Gordon & Seth, 2024). 



The Collaboration Between Armenia and Mistral AI: New Opportunities for the Development of Artificial Intelligence 

 134 

In terms of control fundamentals, medial frontal theta 

oscillation serves as both a “common language” of 

control and a differential signature of strategies, 

suggesting that adaptive systems must calibrate support 

based on markers of control demand and signals of 

switching between proactive and reactive modes (Eisma 

et al., 2021). Indeed, the competitive interactions 

detected in effective connectivity limit the resources 

available for such adjustments, such that excessive 

assistance can shift the cooperation-competition balance 

and consolidate patterns of dependence that reduce the 

practice of endogenous control (Luppi et al., 2024). 

At the learning level, the combination of CLT, 

neuroeducation, and AI allows for the reduction of 

extrinsic load by filtering out distractors and the 

optimization of germinal load by promoting 

schematization, according to a systematic synthesis of 

103 studies that recommend multimodal designs 

sensitive to physiological markers (Gkintoni et al., 

2025b). Likewise, evidence of neuroplasticity in adults 

undergoing multisensory and L2 learning supports 

positive effects on executive functions and 

metacognition, proposing that “cognitive debt” can be 

counteracted with rich experiences that require control 

and updating of representations (Gkintoni et al., 2025a). 

Regarding the risk of atrophy, experimental and field 

results indicate that chronic delegations without refresher 

training increase cycle times and decrease first-pass 

quality, reinforcing the need for skill preservation 

strategies to mitigate erosion (Rashid & Rötting, 2021). 

The organizational articulation of knowledge with LLM 

offers improvements in productivity, access, and 

traceability of information assets, but requires bias 

governance, explainability, and privacy to prevent 

structural dependencies and preserve decision-making 

autonomy (García-López & Nájera-Ochoa, 2025). 

Furthermore, reviews of AI in psychiatry show 

contributions of EEG, ECG, blood biomarkers, speech, 

and social data for diagnosis and follow-up, with high 

performances and generalization challenges that require 

expanding population diversity and calibration reports 

(Baydili et al., 2025). Consequently, prudent 

performance evaluation must go beyond accuracy and 

incorporate external validation, sensitivity analysis, and 

fairness metrics, especially in digital Alzheimer's 

biomarkers where clinical adoption requires 

reproducibility (Qi et al., 2025). Likewise, the 

availability of multimodal open resources with common 

protocols facilitates replicability and cross-sectional 

comparison, enabling more precise estimates of effects 

and learning curves of adaptive algorithms in 

development (Brook et al., 2025). 

The conceptual synthesis suggests that the immediate 

efficiency gains brought by LLM and automation must 

be balanced with designs that maintain deliberate 

practice and endogenous control, avoiding the 

accumulation of cognitive debt and stabilizing the 

cooperation-competition trade-off in cortical networks 

(Grinschgl et al., 2021; Luppi et al., 2024). Furthermore, 

the horizon of consciousness and its interface with smart 

technologies requires conceptual and regulatory caution, 

given that the technological extension of higher-level 

functions raises questions about the continuity of the self, 

criteria of responsibility, and the distribution of benefits 

(Gusev et al., 2025). 

Consequently, a neurocognitive framework for the AI era 

must integrate brain-model alignments in language 

processing, theta regulation of control 

strategies,offloadingwith temporal benefits and costs, 

“cognitive load 2.0” supported by EEG/fNIRS, digital 

biomarkers with rigorous validations, adult 

neuroplasticity, BCI ethics and knowledge governance 

with LLM (Mischler et al., 2024; Eisma et al., 2021; 

Grinschgl et al., 2023; Gkintoni et al., 2025a; Qi et al., 

2025; Gkintoni et al., 2025b; Gordon & Seth, 2024; 

García-López & Nájera-Ochoa, 2025). 

 

 

4.  DISCUSSION 
 

Evidence confirms that the impact of artificial 

intelligence (AI) in educational and social contexts 

depends less on its technical capabilities and more on the 

pedagogical, organizational, and cognitive conditions 

that frame its use. In line with this approach, Abbas et al. 

(2024) show that students' perceived usefulness is 

modulated by factors of trust, technological anxiety, and 

social norms, demonstrating that the psychosocial 

context is as or more decisive than the power of the 

underlying algorithms. Similarly, Celik et al. (2022) 

highlight that the promises of AI for teaching face 

obstacles linked to cognitive overload and lack of teacher 

training, placing teachers as key agents in realizing the 

benefits of these technologies. 

In line with the above, Kestin et al. (2025) demonstrated 

that an AI tutor designed under well-established 

pedagogical principles produced greater learning gains 

than active classroom teaching, provided that practices 

such as cognitive load management, personalized 

feedback, and the promotion of a growth mindset were 

incorporated. Coinciding with this result, Meyer et al. 

(2024) showed in high school students that feedback 

generated by LLM not only improved text revision but 

also motivation and positive emotions. As noted in 

previous studies, Lo et al. (2024) emphasize that student 

engagement depends on how activities are structured, and 

can encourage self-regulation and critical thinking; 

however, in some cases it also generates dependency and 

discourages reflection. 

In contrast, Krakowski et al. (2025) found that the 

benefits of AI are maximized when institutions adopt a 

human-centered approach, aligning algorithms with 

support structures and coordination processes. In 

contrast, Welskop (2023) warns that the absence of clear 

policies on the use of ChatGPT in universities can lead to 

the dehumanization of the teaching process. In line with 

this warning, Brewer et al. (2024) suggest the integration 

of blockchain as a traceability mechanism, emphasizing 

that organizational governance is an essential element for 

risk mitigation. 
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Although some authors highlight the immediate value of 

cognitive offloading, Grinschgl et al. (2021, 2023) 

documented that this strategy can compromise memory 

and deep learning. However, Zhai et al. (2024) confirm 

that overreliance on dialogues with AI impairs critical 

skills, indicating that the real benefit only appears when 

AI acts as a support for human reasoning. In line with this 

idea, Dinucu-Jianu et al. (2025) show that aligning LLM 

with problem-solving pedagogies through reinforcement 

learning turns the interaction into a genuine learning 

experience, reinforcing the need for explicit pedagogical 

frameworks. 

In the creative field, Doshi and Hauser (2024) show that 

AI enhances individual creativity; however, it reduces the 

collective diversity of content. In contrast, Hubert et al. 

(2024) argue that in divergent tasks, generative models 

outperform humans in the number of ideas, although not 

in conceptual depth. In line with what Franceschelli and 

Musolesi (2025) proposed, this tension confirms that the 

benefits or risks depend on how its use is organized: AI 

can stimulate new forms of thinking if it is oriented 

towards critical reflection, or encourage superficial 

productions if it is used as an uncritical substitute for 

human creativity. 

In the clinical setting, Liu et al. (2024b) show that 

ChatGPT passes medical exams in English-speaking 

contexts, in contrast to its poor performance in non-

English-speaking environments. While this finding 

demonstrates the power of the models, it also confirms 

their dependence on cultural and contextual conditions. 

Similarly, Baydili et al. (2025) emphasize that AI in 

psychiatry can complement behavioral diagnoses and 

analyses; however, only under the supervision of human 

clinical judgment. In line with these observations, the 

educational field needs to conceive AI as contextualized 

support within clear professional frameworks. 

At the organizational and workplace levels, Noy and 

Zhang (2023) documented an increase in individual 

efficiency with generative AI; however, they warn of 

risks of homogenization and skill loss. In contrast, Wang 

(2023) adds that LLMs generate a paradox of 

simultaneous job creation and destruction, which poses 

structural challenges for university training oriented to a 

changing market. Although this efficiency can translate 

into immediate benefits, Lehmann et al. (2024) found that 

the unstructured use of ChatGPT harms learning, 

reinforcing the idea that the risks arise not from the 

technique, but from the absence of adequate pedagogical 

and organizational frameworks. 

On the motivational level, Heung and Chiu (2025) 

summarize in their meta-analysis that ChatGPT can 

increase student engagement, although this effect is 

heterogeneous and depends on the way it is integrated 

into the classroom dynamics. In agreement, Huber et al. 

(2024) show that playful learning with LLM increases 

motivation, while Guizani et al. (2025) point out that the 

lack of ethical and methodological guidelines can 

neutralize these benefits. In agreement with these results, 

the literature converges in that the decisive factor is not 

the capacity of the AI, but rather the way in which its use 

is regulated and intended. 

In this sense, the reviewed studies allow us to affirm that 

AI is neither intrinsically beneficial nor harmful in 

education, health, or creativity. Although it can act as an 

effective tutor (Kestin et al., 2025), motivational support 

(Meyer et al., 2024), or creative catalyst (Hubert et al., 

2024), it can also lead to dependency and superficiality 

(Zhai et al., 2024; Grinschgl et al., 2023). Hence, the 

theoretical implications point to the need for an 

interdisciplinary approach that integrates pedagogy, 

neuroscience, ethics, and organizational management, 

while the practical implications show that only a human-

centered and regulated design can ensure that AI 

amplifies human capabilities rather than replacing or 

eroding them. 

 

 

5. CONCLUSION 

 
The research developed allowed for an integrative 

analysis of the transThe insights that artificial 

intelligence, and language models in particular, generate 

in education, labor productivity, and neurocognitive 

processes. The main finding is that the impact of AI 

depends less on its technical capacity and more on the 

pedagogical, organizational, and cognitive conditions in 

which it is implemented, making intentional, human-

centered design the true determinant of its benefits or 

risks. 

The novel contribution of this work lies in articulating 

three dimensions: educational, occupational, and 

neurocognitive which while analyzed in a fragmented 

manner in the literature, have rarely been integrated into 

a comprehensive framework that allows for 

understanding the breadth of the impact of artificial 

intelligence on human experience. This integrative 

approach broadens the scope of discussion by going 

beyond a purely technical perspective and highlighting 

the pedagogical, organizational, and cognitive challenges 

that emerge with the widespread use of these tools. 

From a methodological perspective, the study was based 

on a documentary and comparative analysis of recent 

academic literature, which allowed for the 

systematization of disparate findings and the construction 

of a coherent interpretative framework. This procedure 

not only strengthened the validity of the work but also 

provided a replicable methodology for future research 

focused on studying complex, multidimensional 

phenomena. 

At the theoretical level, the research contributes to 

enriching existing conceptual frameworks by connecting 

learning theories, productivity studies, and cognitive 

neuroscience approaches with the impact of language 

models, thus offering a unifying framework that jointly 

explains the benefits, risks, and conditions for the 

effectiveness of AI. 

Likewise, the practical contribution translates into 

recommendations applicable in educational and work 
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contexts, proposing intentional pedagogical designs that 

enhance student autonomy and motivation, as well as 

organizational models that ensure human-centered 

technological integration. In the neurocognitive field, 

useful guidelines are proposed to avoid the accumulation 

of "cognitive debt" and promote responsible uses of 

artificial intelligence that strengthen individual agency. 

While this study is limited by its exclusive reliance on 

documentary sources, which prevents the findings from 

being compared with direct empirical evidence, this 

restriction does not weaken the validity of its 

conclusions, but rather opens an opportunity for further 

research that combines theoretical analysis with field 

studies and experimental measurements. 

Consequently, we encourage continued research in this 

field, exploring future lines such as the longitudinal 

evaluation of the impact of AI on the development of 

cognitive skills, the design of institutional policies that 

balance innovation with governance, and neuroscientific 

experimentation applied to educational and work 

contexts. Exploring these directions will not only deepen 

academic understanding of the phenomenon but also 

guide concrete strategies for the ethical, inclusive, and 

sustainable integration of artificial intelligence into 

contemporary society. 
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