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This scoping review explores the use of generative artificial intelligence 

(GenAI) in higher education and its impact on student learning 

outcomes. This review, drawing on the six steps of Arthur Arksey and 

O'Malley, pooled the findings of 10 empirical studies across the selected 

time span of 2024-2026 to map the current use, implications for 

cognition development and variations in academic performance related 

to GenAI tools. The journals assessed were mainly from different 

geographic regions such as South Korea, Japan, Vietnam, Kuwait, 

Saudi Arabia, the UK, Morocco, Pakistan, Ireland, and the USA and 

were retrieved from Web of Science and Scopus. It is concluded from 

combined results that teaching and learning in the school environment 

is significantly influenced by pedagogical design, scaffolding of 

instruction, and human supervision. Within a structured framework for 

validation, in adaptive tutoring systems, or in immersive virtual reality 

settings, GenAI tools serve as collaborative partners that support the 

retention of factual knowledge, boost student engagement, and promote 

autonomy of the learner. However, in settings where workloads are 

overwhelming and time is of the essence, undirected use of GenAI can 

inadvertently lead to procrastination, memory loss, and a direct negative 

effect on actual student performance. This scoping review highlights the 

key gaps in longitudinal assessments and framework of structural 

evaluations. It also provides evidence-based suggestions for curriculum 

designers and education policy makers looking to balance technological 
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Introduction 

 

Generative artificial intelligence (GenAI) technologies, particularly the Large Language 

Models (LLMs) with the generative pre-trained transformer (GPT) technology, is an emerging 

global trend in higher education (HE) and a widespread paradigm shift (Abbas et al., 2024), 

(Lee & Otani, 2025). These innovative systems utilize cutting-edge deep learning architectures, 

which are capable of producing human-like material in an automated manner (Trindade et al., 

2025). Although students and teachers have readily adopted these tools for smooth operations 

and self-directed learning (Bachiri et al., 2025; Nguyen et al., 2025), the uptake of these tools 

has yet to be rigorously investigated and evaluated. 

 

An understanding of this phenomenon is important as it is a direct challenge to the academic 

standards given the dichotomy of how fast people adopt the technology and how slow their 

empirical understanding is of what long-term use does to the brain. With the students' workload 

and time constraints escalating, there is a critical need to understand the potential of GenAI as 

a catalyst for deep learning or as a shortcut that skips key mental processing steps (Abbas et 

al., 2024). Such research is significant when it comes to maintaining a focus on knowledge 

retention, serving as a foundation for academic mastery, in an increasingly AI-enhanced 

educational environment (Nguyen et al., 2025). 

 

This is especially important as universities navigate the changing landscape of digital 

transformation, particularly regarding the impact of GenAI on the learning outcomes of their 

students (Nguyen et al., 2025), (Yao & González-Vélez, 2025). In this educational scenario, 

GenAI encompasses a wide range of automated tools such as conversational chatbots, adaptive 

e-tutors, multi-agent Retrieval-Augmented Generation (RAG) pipelines, and embodied non-

player characters (NPCs) in virtual learning environments (Al Taqataq et al., 2025), (Yao & 
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González-Vélez, 2025). The student learning outcomes is a construct with multiple 

dimensions: academic attainment (quantitative data: Cumulative Grade Point Average), 

conceptual understandings, learner autonomy, cognitive load experience, and knowledge 

retention (Truong & Nguyen, 2025), (Lee & Otani, 2025), (Abbas et al., 2024). 

 

The empirical relationship between the two variables is very complicated and bi-directional 

(Abbas et al,. 2024), (Nguyen et al., 2025). On the other hand, the adoption of GenAI in 

educational practice holds great promise for individualized learning and lowering students' 

learning anxiety while providing real-time and scalable feedback (Bachiri et al., 2025), 

(Nguyen et al., 2025). For example, in a specialized language-learning environment, the 

ChatGPT language learning tutor adjusts the difficulty of the language, the speed of the task, 

and the topicality to suit the needs of individual learners, which increases self-regulated 

learning and language learning motivation (Al Taqataq et al., 2025). Interactive AI-generated 

simulations and concept mapping are utilized as tools for active, deliberate practice to support 

visualization of complex and non-linear variables (Trindade et al., 2025), (Truong & Nguyen, 

2025) in quantitative business/engineering areas. Such structured interactions are closely 

related to Self-Determination Theory (Ryan & Deci, 2000), meeting the psychological needs 

for autonomy and competence, and driving an individual's technology use into deep, cognitive 

engagement (Nguyen et al., 2025). 

 

Conversely, extensive research cautions that the unrestricted use of GenAI can result in a 

phenomenon dubbed “cognitive offloading” and ultimately in a significant loss in the learning 

landscape (Abbas et al., 2024). GenAI can be a stand-in to perform tasks on behalf of students 

when they have high workloads and time pressures, leading to surface learning without critical 

thinking especially during the academic term (Abbas et al., 2024). This unguided shortcut 

directly distorts the active cognitive processes in the process of transferring knowledge from 

working memory to long-term schema retention, such as active retrieval and spacing (Bachiri 

et al., 2025). Prolonged use of generative tools creates a tendency towards procrastination, 

fosters poor memory retention, and negatively impacts academic outcomes, as noted by Abbas 

et al. (2024). 

 

While there is increased interest in the arena of Educational Technology, there is a critical gap 

in studies in this area (Nguyen et al., 2025). A significant portion of the early literature is 

speculative commentaries, non-empirical editorials, or descriptive surveys lacking analysis of 

the modulation role of specific pedagogical designs and validation processes for student 

outcomes (Abbas et al., 2024). Lack of systematic scoping to map out the different technical 

configurations (Knowledge Graph-RAG integrations, virtual reality systems, and macro-

powered human validation checklists) of GenAI and their direct consequences on student 

learning (Tracy & Spantidi, 2025; Trindade et al., 2025; Yao & González-Vélez, 2025). 

Therefore, the goal of this scoping review was to draw a picture of the empirical landscape of 

GenAI in higher education from 2024 to 2026. The ultimate research goal is to develop a 

mechanism-focused framework to explain how and when GenAI improves or hinders student 

learning outcomes. 

 

The structure of this work is as follows: Part 1 provides literature review about GenAI and 

student learning outcomes; Part 2 explains the procedure in conducting this scoping review; 

and Part 3 presents the results of conducting the scoping review. Part 4 then concludes with a 

discussion of limitations, future research recommendations, implications, and conclusions. 
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Methodology 

 

This is a scoping review; the literature was scoped in a structured way to ensure a rigorous, 

transparent and reproducible mapping of the literature. This was done using the six stages 

framework that was originally developed by Arksey & O’Malley (2005). Further, the Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses Extension for Scoping Reviews 

(PRISMA-ScR) guidelines (Ramdan et al., 2024) were used to inform the study. The six steps 

which are carried out for this research are explained on following paragraphs. 

 

Step (1): Research Question to be addressed. Research questions for this review were 

developed around specific dynamics. The focus was on the structural and cognitive relationship 

between generative AI and student outcomes. The main question was, “How does the use of 

GenAI in tertiary education affect students’ cognitive, behavioural, and affective learning 

outcomes?” Secondary questions were designed to investigate specific configurations of 

GenAI. The setups that make the cognitive load optimal were explored. The connection 

between self-directed uses of AI and academic procrastination was also investigated. Lastly, 

methods for improving knowledge retention over long periods of time using human-in-the-loop 

validation techniques were explored. 

 

Step (2): Review literature relevant to the aim of the scoping review. A thorough search was 

conducted in two electronic databases. The Web of Science and Scopus were these databases. 

The search included publications in the time period January 2024 to May 2026. This time 

period was chosen to capture the fast-paced evolution of empirical studies. This rapid growth 

followed the widespread availability of consumer-grade LLMs. Boolean combinations of high-

level terms were employed in the search strings. The specific query used was: (“generative 

artificial intelligence” OR “GenAI” OR “ChatGPT” OR “large language models” OR “LLM”) 

AND (“learning outcomes” OR “academic performance” OR “cognitive load” OR “knowledge 

retention” OR “student engagement”) AND (“higher education” OR “university” OR “college” 

OR “tertiary”). Next, this automated query was supplemented with manual searches. The 

previous reviews of tables of contents from the best journals in the field of education 

technology were checked. 

 

Step (3): choose the articles appropriate for analysis. Using a reference management software, 

sourced citations were gathered to efficiently exclude duplicate citations. Study selection was 

conducted using a two-stage screening process. The screening process starts with screening the 

titles and abstracts. A complete text assessment against strict, well-defined inclusion/exclusion 

criteria then ensued. The following basic parameters were used in selecting the sites. In a first 

step, only peer-reviewed journal articles were selected to guarantee a sufficient level of 

academic rigor and to ensure a high quality of the study papers and methodological 

transparency (Hodgkinson & Ford, 2014). This strategy took advantage of a powerful indexing 

system, of this kind Web of Science database covers more than 760 million multidisciplinary 

records (Sánchez et al., 2017). Second, only papers that adopted empirical research 

methodologies (quantitative, qualitative, or mixed methods) were included in the review since 

it is known that in the study of education, such methods are generally more suitable and 

prevalent than other research methodologies (Johnson & Christensen, 2020). Third, only 

articles that were in English were considered eligible, because English is the main linguistic 

medium of academic communication all over the world. Finally, a major focus was the 

intersection of GenAI tools and student learning outcomes, with a focus on higher education 

populations. Allowances have been made for highly structured health or safety educational 



 
   Volume: 8 Issue: 31 (September 2026) PP. 387-402 

391 
 

studies, but the relevance to the adult learning frameworks is clearly stated. Lastly, there was 

a selection criterion, ensuring only recent literature was considered, from 2024 to 2026, so that 

the synthesis can benefit from the latest technology advancements and high quality 

scholarships that are part of such a quickly developing field as current research. 

 

Table 1: Inclusion and Exclusion Criteria 

 

Criterion Inclusion Criteria Exclusion Criteria 

Publication 

Type 
• Peer-reviewed journal 

articles 

• Gray literature, book chapters, 

conference proceedings, 

conference abstracts, opinion 

pieces, non-empirical 

conceptual papers, and 

reviews 

Study 

Design 
• Empirical studies utilizing 

quantitative, qualitative, or 

mixed-methods designs 

• Non-empirical or purely 

theoretical studies 

Language • Articles written in English • Non-English publications 

Publication 

Year 
• Published between the years 

2024 and 2026 

• Published before 2024 

Topic / 

Focus 
• Explicitly focused on the 

intersection of Generative 

AI tools and student 

learning outcomes 

• Unrelated to generative AI or 

cognitive/learning outcome 

Target 

Population 
• Centered on higher 

education populations (with 

minor allowances for highly 

structured health or safety 

educational studies relevant 

to adult learning 

frameworks) 

• Non-higher education 

populations (unless fitting the 

adult learning exception) 

Source: Authors’ Research 

 

Step (4): Charting the data to be presented. A common data-charting spreadsheet was created. 

A template of the characteristics was systematically extracted from each eligible study using 

this tool. Extracted key fields are authors, year of publication, geographical location and target 

student group. The type of GenAI system used, and their technical set-up were also included. 

The recording of research design, target variables and measuring instruments were conducted. 

Lastly, important quantitative or qualitative results were gleaned. Absolute data fidelity was 

ensured by this structured mapping. There was also a high level of inter-study efficiency. 

 

Step (5): Collating, summarizing and reporting the data. Convergent thematic synthesis was 

used to analyse the charted data. This method was applied to identify recurring patterns, 

contradictions, and structural relationships across the heterogeneous literature. Results that 

were relevant were grouped into three main themes: The first theme that came out was 

“Scaffolded Autonomy versus Unscaffolded Cognitive Offloading”. The second was classified 

under the Cognitive Load Optimization. The third was titled: The Paradox of Immediate 

Performance and Long-Term Retention. These themes offered a structured framework which 

was vital for integrating the cognitive implications of AI between the disciplines. 
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Step (6): Discussion of the results. The created themes have been analyzed and assessed as part 

of the final stage of research work. These were contrasted to well-known concepts in the field 

of educational psychology. The frameworks included Self-Determination Theory (Ryan & 

Deci, 2000), Cognitive Load Theory (Sweller, 1988), the Unified Theory of Acceptance and 

Use of Technology (Venkatesh et al., 2012), and the Information Adoption Model (Sussman 

& Siegal, 2003). This critical evaluation resulted in actionable recommendations. In addition 

to this, second- and third-order guidance was provided to curriculum designers, educational 

administrators and technology developers. The purpose of this guidance is to support 

implementing responsible AI-supported instructional systems. 

 

Findings 

 

The results of the screening and selection process ultimately resulted in the isolation of high-

quality, empirical studies meeting all of the primary research variables, as shown in Figure 1.  

 

 
Figure 1: Flow Diagram of Research Selection Process Using Preferred Reporting Items 

for Systematic Reviews (PRISMA) 
Source: Adapted from Moher et al. (2015) 

 

The database search yielded a total of 312 papers of which were considered for this scoping 

review. After removing duplicate papers (92 papers), 220 papers are left which can be used for 

this study. Of these 220 articles, there were 175 articles which were excluded because they 

were not empirical research or were not related to the objectives of this scoping review. The 
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publications from 2024 to 2026, and the article from the field of education and generative AI 

with scientific status were only 45 publications that were qualified based on the inclusion 

criteria for empirical articles. Lastly, only 10 articles were included, using quantitative 

approach as well as the mixed-methods approach because it was found that these articles' 

reporting items supported the objective of the study and were more relevant and supported the 

research aim as presented in Figure 1. 

 

Findings and Discussions 

 

Table 1 shows the 10 research articles that were selected for a scoping review according to 

methodology criteria. Results identified three main areas that are significantly affected by the 

use of generative AI: cognitive structures, behavioural patterns, and academic outcomes.  

 

Table 1: Charting the Data 

 

No

. 

Study Cohort AI Tool Researc

h Design 

Variables Key 

Findings 

1  Lee & 

Otani 

(2025)  

Undergradu

ate (N = 57) 

ChatGP

T 

Survey Motivation, 

Cognitive 

Load, 

Satisfaction 

High 

motivation 

(mean (M) = 

3.79, 

standard 

deviation 

(SD) = 

0.818); 

significant 

mental 

effort (M = 

3.18, SD = 

0.909); 

enthusiasm 

(M = 3.60, 

SD = 0.884) 

2 Truong 

& 

Nguyen 

(2025)  

STEM (N = 

570) 

Napkin 

AI 

Structura

l 

Equation 

Modelin

g (SEM) 

Knowledge 

Retention 

(KR) and 

Loss of 

Retention 

(LOR) 

Actual use 

of mind 

mapping 

(AUM) has 

strong direct 

positive 

effect on 

KR (beta (β) 

= 0.320, p < 

0.001), and 

direct 

negative 

effect on 
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LOR (β = -

0.206, p < 

0.001). 

3 Habeeb 

& 

Dashti 

(2026)  

Preschooler

s (N = 65) 

AI -

generat

ed 

animati

on 

Quasi-

Experime

nt 

KR Experiment

al scores 

rose from 

3.71 to 

10.85/12 

(ƞ2 = 

0.9763, d = 

10.88, p < 

0.001). 

4 Nguyen 

et al. 

(2025)  

Higher 

learning (N 

= 488) 

GenAI Survey 

with 

Partial 

least 

squares 

structural 

equation 

modellin

g (PLS-

SEM) 

Engagement, 

Usability 

Engagemen

t has a 

positive 

significant 

effect on 

Knowledge 

Acquisition 

(β = 0.672, p 

= 0.000) and 

Retention 

and recall (β 

= 0.742, p = 

0.000). 

5 Bachiri 

et al. 

(2025)  

MOOCs (N 

= 50) 

AI-

generat

ed 

flashcar

ds 

Survey Active 

Retrieval, 

Retention 

AI flashcard 

helpfulness 

4.1 (SD = 

0.9), 

relevancy 

4.2 (SD = 

0.8); 

enhanced 

memory 

retention 

75%. 

6 Tracy & 

Spantidi 

(2025)  

University 

(N = 52) 

GPT-

powere

d virtual 

reality 

class 

Experime

nt 

engagement, 

cognitive 

load, 

knowledge 

retention, 

and 

performance 

Positive 

increase in 

understandi

ng (M = 

4.06, SD = 

0.78); 

Lower 

intrinsic 
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cognitive 

load (F = 

4.58, p = 

0.005); 

enhanced 

conceptual 

knowledge 

transfer (χ2 

= 8.74, p = 

0.012) 

7 Abbas 

et al. 

(2024)  

University 

(N = 494) 

ChatGP

T 

PLS-

SEM 

Procrastinati

on, memory 

loss, and 

academic 

performance 

Use of 

ChatGPT 

positively 

related to 

procrastinat

ion (β = 

0.309, p < 

0.001) and 

memory 

loss (β = 

0.274, p < 

0.001), and 

negative 

effect on 

academic 

performanc

e (β = − 

0.104, p < 

0.05) 

8 Al 

Taqataq 

et al. 

(2025)  

EFL Female 

(N = 60) 

ChatGP

T 

Experime

nt 

Adaptability, 

autonomy 

and language 

retention 

Gains in 

perceived 

adaptability 

(F = 31.95, 

p < 0.001, 

partial η² 

eta2 = 0.35), 

autonomy 

(F = 6.28, p 

= 0.015, 

partial η² 

eta2 = 0.09), 

and 

language 

retention (F 

= 16.30, p < 

0.001, 
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partial η² 

eta2 = 0.22). 

9 Trindad

e et al. 

(2025)  

Business (N 

= 41) 

ChatGP

T 

Pre-Post Trade-offs The 

experimenta

l group 

achieved 

superior 

post-test 

understandi

ng of trade-

offs (p < 

0.01). 

10 Yao & 

Gonzále

z-Vélez 

(2025)  

Simulated 

(N = 100) 

KG-

RAG 

Benchma

rk 

Performance KG-RAG 

improved 

domain F1 

scores (ML 

+64%, 

Biology 

+44%) and 

resolved 

length bias. 

Source: Authors’ Research 

 

This comparative analysis of these 10 studies yields four major themes that describe the multi-

faceted nature of the relationship between generative AI and student learning outcomes. This 

is because sourced findings have demonstrated that GenAI is not a neutral tool. Rather, it serves 

as a structural mediator of cognitive functions, behavioral routines, and memory consolidation 

(Abbas et al., 2024), (Nguyen et al., 2025), as illustrated in Table 2. Theme and sub-theme 

mapping and description of research is provided in the Table 2 below. 

 

Table 2: Themes in Reviewed Articles 

 

Theme Sourced Studies Cognitive / Pedagogical Dynamics 

Theme 1: Scaffolded 

Autonomy vs. 

Unscaffolded Cognitive 

Offloading 

Abbas et al. (2024); 

Al Taqataq et al. 

(2025); Nguyen et al. 

(2025) 

Evaluates how self-regulated learning 

and personalization foster autonomy, 

contrasted with task-driven shortcuts and 

procrastination under workload 

pressures. 

Theme 2: Cognitive 

Load Optimization 

Tracy & Spantidi 

(2025); Lee & Otani 

(2025); Habeeb & 

Dashti (2026) 

Analyzes how structured instruction 

(e.g., VR agents, multi-phase courses, or 

animated media) reduces intrinsic load 

and supports germane processing. 

Theme 3: Paradox of 

Immediate Performance 

vs. Long-Term 

Retention 

Truong & Nguyen 

(2025); Bachiri et al. 

(2025) 

Explores the "desirable difficulties" 

introduced by active recall and mind 

mapping, which enhance long-term recall 

despite initial scoring dips. 
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Theme 4: Human-in-

the-Loop Validation 

and KG Engineering 

Trindade et al. 

(2025); Yao & 

González-Vélez 

(2025) 

Details the programmatic and manual 

frameworks (Excel validation checklists, 

RAG pipelines, Knowledge Graphs) that 

mitigate AI hallucinations. 
Source: Authors’ Research 

 

Scaffolded Autonomy versus Unscaffolded Cognitive Offloading is the first important 

theme. This is a significant moderator of learning outcomes of students in all disciplines studied 

(Al Taqataq et al., 2025), (Nguyen et al., 2025). Based on Self-Determination Theory (Ryan & 

Deci, 2000), learning technologies are very effective if they can meet the psychological needs 

of students for autonomy and competence (Nguyen et al., 2025). Al Taqataq et al. (2025) and 

Nguyen et al. (2025) provided as proof that personalized and interactive GenAI platforms allow 

and promote self-regulated learning autonomy. This enables students to set their own targets, 

pick their own tasks and get instant feedback on progress. That, however, is a workload-

shortcut loop, which results from the integration of these tools without pedagogical scaffolding 

under high academic workloads and time constraints (Abbas et al., 2024). Abbas et al. (2024) 

established that overburdened students utilise ChatGPT as a substitute proxy actor, copying 

and pasting assignments to bypass the cognitive effort required for learning. This replacement 

use is the direct cause of academic procrastination, reduced memory retention and actual 

reduction of overall academic achievement as evidenced by decreasing Cumulative Grade 

Point Averages. 

 

The second theme is Cognitive Load Optimization Paradigm. Under Cognitive Load Theory 

(Sweller, 1988), learning is optimised when the extraneous cognitive load is blocked from 

working memory, leaving space for both internal and germane cognitive load (Tracy & 

Spantidi, 2025). Tracy & Spantidi (2025) proved that having a GPT-powered teaching assistant 

(TA) in an Immersive Virtual Reality (VR) environment is effective in reducing intrinsic 

cognitive load (ICL) arising from complex algorithms. This scaffolding enables students to 

allocate greater amounts of germane load and to achieve better conceptual knowledge transfer 

without the cognitive overload. In the more conventional world of textbook-based learning, 

however, studying prompt engineering and conducting AI output evaluations at the same time 

may create significant cognitive friction, as identified by Lee & Otani (2025). In order to avoid 

overloading, this calls for a very structured, multi-phase curriculum scaffolding. 

 

The third big theme is The Paradox between Immediate Performance and Long-term 

Retention. The structural trade-off is well illustrated in the study by Truong & Nguyen (2025) 

where they use concept-mapping to investigate the essence of STEM. It was found that there 

was a direct positive effect of the use of Napkin AI mind mapping on the outcomes of the long-

term knowledge retention and there was a direct negative effect on the outcomes of the 

immediate short-term knowledge. Active, generative learning methods enable to infuse 

"desirable difficulties" into the learning process (Bachiri et al., 2025), (Truong & Nguyen, 

2025). Such challenging actions increase the initial level of mental effort, and therefore 

temporarily lower the immediate test scores, but they help to deeply encode schemas. This 

leads to much better knowledge retention and recall over long periods of time than conventional 

teaching methods where the student is the recipient of the imparted knowledge. 

 

The next large theme is Human-in-the-Loop Validation and Knowledge Graph 

Engineering. However, as LLMs can generate some kind of math-related mistakes, 

hallucination, or significant bias, successful adoption in education should include a structured 
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verification system (Trindade et al., 2025), (Yao & González-Vélez, 2025). Trindade et al. 

(2025) confirmed that when a validation sheet is built in a macro-powered Excel sheet along 

with a business game powered by ChatGPT, students can actively verify and adjust the AI's 

calculations. The validation process turned a potentially unpredictable AI interaction into a 

trustworthy teaching tool, so that the students feel more confident and understand better on the 

level of concept about what cost tradeoffs mean. Yao & González-Vélez (2025) at the system 

level showed that combining a structural Knowledge Graph (KG) with a RAG pipeline reduced 

the likelihood of hallucinations. It also has a great impact on the quality and accuracy of the 

domain specific and customized outputs in specialized science fields. This programmatic 

emphasis on source credibility and structural quality seems to be quite consistent with 

Information Adoption Model's (Sussman & Siegal, 2003) underlying theoretical tenets 

regarding the critical evaluation of argument quality and structural trustworthiness that heavily 

mediate the adoption of dynamically generated knowledge. 

 

Background of the Research Included in the Review 

 

The empirical literature is geopolitically varied and shows a worldwide reaction from scholars 

to the quick surge of GenAI in Higher Education (Table 3). 

 

Table 3: Number Of Research Based On Country 

 

Country/Region Number of Studies 

Morocco 1 

Kuwait 1 

Saudi Arabia 1 

South Korea/JP 1 

Vietnam 1 

Pakistan 1 

United Kingdom 1 

Ireland 1 

United States 2 

Source: Qwn Finding 

 

The countries of these researched studies are shown in Table 3. The reviewed works were 

undertaken in eight different countries, i.e., South Korea and Japan (Lee & Otani, 2025), 

Vietnam (Truong & Nguyen, 2025), Kuwait (Habeeb & Dashti, 2026), the United Kingdom 

(Nguyen et al., 2025), Morocco (Bachiri et al., 2025), Pakistan (Abbas et al., 2024), Saudi 

Arabia (Al Taqataq et al., 2025), Ireland (Yao & González-Vélez, 2025), and the United States 

(Tracy & Spantidi, 2025), (Trindade et al., 2025). Most of the research investigations are held 

in an Asian and Middle Eastern context where the educational models are facing a rapid digital 

transformation (Abbas et al., 2024), (Al Taqataq et al., 2025). 
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Figure 2: Year of publication in the WoS and Scopus databases 

, Align Left, Capitalize Each Word) 

Figure 2 shows the number of papers published on WoS and Scopus based on the year of 

publication between 2024 and 2026. One was published in 2023/2024 (Abbas et al., 2024). A 

dramatic surge was observed in 2025, which yielded seven peer-reviewed publications (Bachiri 

et al., 2025), (Lee & Otani, 2025), (Nguyen et al., 2025), (Al Taqataq et al., 2025), (Tracy & 

Spantidi, 2025), (Trindade et al., 2025), (Truong & Nguyen, 2025). This was then followed by 

two papers, published early in 2026, (Habeeb & Dashti, 2026), and (Yao & González-Vélez, 

2025), that indicated a relatively consistent shift into much more structured, empirical, multi-

agent work. 
 

Limitation and Recommendations 

 

One of the chief methodological limitations of this scoping review is that it includes only those 

empirical articles that were identified by Web of Science and Scopus database indices. This 

limited range of databases opens avenues for research and reflection on the importance of 

including wider databases to establish a more holistic view of the role of generative AI in 

education (Abbas et al., 2024). A broader scope of pertinent academic literature will be found 

through a search across additional databases (Lee & Otani, 2025). This is particularly important 

as research on generative AI has surged in recent years, especially among researchers 

examining the multifaceted psychological and practical challenges of developing adaptive 

tutoring systems, which strive to deliver personalized education and support to students at 

every stage of learning (Al Taqataq et al., 2025). The future holds great promise in enriching 

search collections with other databases such as those provided by Springer and ProQuest 

(Nguyen et al., 2025). These are very broad searches that would produce organised and 

thorough data sets (Yao & González-Vélez, 2025). Second, statistically oriented designs 

provide a vital access point to understanding and reporting AI-cognitive outcomes in a more 

fine-grained and precise manner (Tracy & Spantidi, 2025). Also, remember that literature 

reviews must be continually and thoroughly assessed. AI in higher education R&D has a strong 

focus on the immediate timeframe. The current research context implies the need for future 

research to be systematically conducted in a meta-analytical way. These could facilitate the 

systematic extraction, combination, and full assessment of quantitative and qualitative 

evidence from diverse populations of students (Trindade et al., 2025). The shift to these grander 

approaches is needed to validate the conclusions drawn from existing practices and provide a 

valid basis for future designs and ethically considerate integration of educational technology. 
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Conclusion 

 

The findings from this scoping review clearly establish that the future of tertiary education is 

rapidly transforming with the influence of Gen AI. The material supplied, however, is 

sufficient; although not complete. This scoping review investigates a wider spectrum of 

research areas and the growing number of studies involving generative AI amongst universities. 

These are key findings: Pedagogy, scaffolding, and the management of cognitive loading and 

of human-in-the-loop validation is very important. Given the results, unguided technology use 

may lead to cognitive offloading, while guided integrations may lead to authentic cognitive 

engagement. This discussion offers a general overview; however, more research is required to 

clearly outline the cognitive and psychological effects of an AI mediated environment upon 

students in the long term. Moreover, other variables that might be factors influencing the 

learner's autonomy and language retention in digital education should be further explored, 

which calls for longitudinal and empirical studies to establish agreement. Among the 

assessment's findings is a research lacuna and calls for the development of more extensive 

databases to extensively examine the impact of generative AI with respect to objective 

academic achievement. Overall, this study comprehensively summarizes the scope of research, 

the current status, and the directions for future research. 
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