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Abstract:  

The rapid development of artificial intelligence (AI) is changing how higher education institutions 

teach, assess, and manage learning, yet evidence on its efficiency and risks remains dispersed 

across technical, pedagogical, and policy literature. This article aims to analyze the theoretical and 

practical possibilities of using AI technologies, including deep learning, neural networks, large 

language models (LLMs), and adaptive learning systems, to improve the efficiency of higher 

education and to identify the ethical and regulatory conditions for their use. The study is based on 

an analytical review of peer-reviewed research and international reports published mainly between 

2015 and 2025, a comparative analysis of specialized AI educational platforms, and a document 

analysis of international and Uzbek regulatory frameworks. The results describe the functions of 

machine learning in education, the architecture of neural-network models for predicting student 

performance, and the four-component structure of adaptive learning systems. Evidence from 

controlled evaluations indicates that intelligent tutoring systems and online formative assessment 

improve learning outcomes and that predictive learning analytics can help identify students at risk 

at an early stage, although the reported effects depend strongly on implementation. The analysis 

also shows that data protection, algorithmic bias, the reliability of AI-text detection, and academic 

integrity require institutional regulation. The article concludes that AI improves efficiency in 

higher education when it is combined with transparent governance, the AI literacy of students and 

faculty, and the development of language resources for national languages such as Uzbek. 
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Introduction 

Digital transformation is bringing profound changes to higher education, and the rapid growth of 

artificial intelligence (AI) technologies requires a reconsideration of how the educational process, 

teaching methods, and assessment are organized. A systematic review of AI applications in higher 

education has shown that research concentrates on profiling and prediction, assessment and 

evaluation, adaptive systems, and intelligent tutoring, while the pedagogical perspective of educators 

remains underrepresented [1]. AI is thus becoming not only a technical tool but also a strategic factor 

in improving educational quality, building individual learning trajectories, and managing institutions. 

Uzbekistan pays particular attention to the development of the digital economy and AI technologies. 

The “Digital Uzbekistan – 2030” Strategy created the legal and organizational basis for the 

digitalization of the education sector [2], and in 2024 the Strategy for the Development of Artificial 

Intelligence Technologies until 2030 set national targets for the introduction of AI in public 

administration, the economy, and the social sphere [3]. 

International research has addressed the use of generative AI in education and research [4], the 

conditions under which AI moves from the laboratory into everyday classroom practice [5], and the 

AI literacy that students and teachers require [6]. In Uzbekistan, research on natural language 

processing has produced language resources such as a parallel Uzbek–Kazakh corpus for machine 

translation [7] and ontological models of sentence structure in the Kazakh and Uzbek languages [8], 

which are preconditions for AI tools that work in national languages. However, an integrated 

analysis of the pedagogical, ethical, and economic efficiency of machine learning (ML), LLMs, and 

adaptive systems in higher education that also takes national regulatory conditions into account is 

still lacking. 

The purpose of this research is to analyze the theoretical and practical possibilities of using deep 

learning, neural networks, LLMs, and adaptive learning systems in higher education and to 

substantiate their impact on educational efficiency together with the related ethical and legal 

requirements. To achieve this purpose, the study analyzes the educational functions of ML and 

neural network architectures, compares the capabilities of LLMs and specialized AI platforms, 

examines adaptive learning and student performance prediction models, and identifies the ethical, 

legal, and institutional conditions for the use of AI in education. The results are intended to support 

higher education institutions in integrating AI tools into learning management systems, adaptive 

platforms, and assessment, and in developing academic integrity policies. 

 

Materials and Methods 

The study is designed as an analytical (narrative) review combined with comparative and document 

analysis. Peer-reviewed articles, monographs, and reports of international organizations published 

mainly between 2015 and 2025 were identified in Scopus, Web of Science, and Google Scholar 

using combinations of the keywords “artificial intelligence”, “higher education”, “learning 

analytics”, “adaptive learning”, “intelligent tutoring”, and “large language models”. Priority was 

given to systematic reviews, meta-analyses, and controlled evaluations that report measurable 

learning or retention outcomes. 

Three groups of materials were analyzed. The first comprises research on deep learning and other 

ML methods that are applied to educational data [9]. The second includes the official descriptions of 

specialized AI educational platforms and published evaluations of their effectiveness. The third 

consists of the regulatory and policy documents of Uzbekistan, international organizations, and 

universities. The methods used include theoretical analysis and synthesis, comparative analysis of 

platforms and policies, and conceptual modeling, which was used to describe the architecture of 

neural-network prediction models and adaptive learning systems (Figures 1–3). Because the review 

is not a systematic review in the PRISMA sense, its conclusions rest on the most representative 
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rather than on exhaustive evidence. 

 

Results 

Deep learning and neural network architecture. Deep learning is a branch of ML that 

automatically extracts hierarchical features from raw data using multi-layer neural networks [10]. 

Many AI solutions in educational practice are based on deep learning. The multilayer perceptron 

(MLP), the most basic type of neural network, consists of an input layer, one or more hidden layers, 

and an output layer. In a student performance model, the input layer receives indicators such as 

attendance, previous grades, assignment completion, and activity in the learning management system 

(LMS), and the output layer classifies the student as successful or at risk (Figure 1). 

 

Figure 1. MLP neural network architecture for predicting student performance 

Types of ML and their applications in education. Machine learning is applied in education in 

three main directions: supervised learning (classification and regression), unsupervised learning 

(clustering and dimensionality reduction), and reinforcement learning, which underlies adaptive 

learning systems (Figure 2). Educational data mining and learning analytics use these methods to 

predict performance, detect undesirable learning behavior, group students, and provide feedback to 

instructors [11]. 

 

Figure 2. Types of ML and their applications in education 

Architecture of the adaptive learning system. Adaptive learning is a software-pedagogical 

approach that personalizes the learning experience by adapting to each student‟s knowledge level, 
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pace, strengths, and weaknesses. Modern adaptive learning systems consist of four main components 

(Figure 3): the domain knowledge model, which defines the content structure and learning sequence 

of a course in the form of a knowledge graph or ontology; the student model, which tracks the 

learner‟s current knowledge, learning history, and error patterns, often by means of Bayesian 

knowledge tracing [12]; the pedagogical module, which determines teaching strategies and 

instructional decisions; and the interface module, which provides presentation and feedback. 

 

Figure 3. Four-component architecture of an adaptive learning system 

LLMs and specialized AI platforms. Large language models are neural networks with billions of 

parameters trained on large text corpora that can perform text comprehension, generation, and 

translation tasks, often from only a few examples [13]. In education, they are used for conversational 

tutoring, content generation, feedback and assessment, and the design of personalized learning 

pathways, while their limitations include factual errors, bias, and the risk of over-reliance by students 

[14]. Conversational tutoring builds on the long tradition of intelligent tutoring systems, which, 

according to a meta-analysis of 50 controlled evaluations, improved students‟ test performance with 

a median effect size of 0.66 standard deviations [15]. Table 1 summarizes specialized AI platforms 

that are widely used in education. 

Table 1. Specialized AI educational platforms 

Platform Main functions Developer 

Khanmigo 
AI tutor based on GPT-4; Socratic dialogue; 

support in mathematics and other subjects 

Khan Academy 

(USA) 

Duolingo Max 
Language learning; AI conversation practice; 

explanation of answers 
Duolingo (USA) 

Coursera Coach 
Answers to course questions; practice quizzes; 

goal setting 
Coursera (USA) 

Gradescope 
AI-assisted grading; grouping of similar 

answers; rubric-based assessment 
Turnitin (USA) 

Turnitin AI writing 

detection 

Detection of AI-generated text; similarity 

checking 
Turnitin (USA) 

Wolfram|Alpha Pro 
Step-by-step solutions in mathematics, physics, 

and chemistry 

Wolfram Research 

(USA) 

Squirrel AI 
Adaptive learning based on fine-grained 

knowledge points; real-time adaptation 

Squirrel AI Learning 

(China) 

Source: compiled by the author from the developers’ official descriptions. 
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Predicting student performance and learning analytics. The prediction of student performance is 

modeled in ML either as a classification task (successful or at risk) or as a regression task (predicted 

grade). Table 2 lists the input features most frequently used in such models. Learning-style 

categories such as VARK, which are sometimes added to these models, were not included, because 

experimental evidence does not support adapting instruction to learning styles [16]. 

Table 2. Input features of the student performance model 

Feature Description Type 

Attendance Percentage of classes attended Numerical 

Midterm assessment Midterm examination score (0–100) Numerical 

Assignment completion 
Number of submitted assignments / total number 

of assignments 
Numerical 

LMS activity Daily logins and time spent viewing materials Numerical 

Previous course 

performance 
Scores in previous courses Numerical 

Forum activity Number of questions, answers, and posts Numerical 

Socio-economic 

indicators 
Scholarship status, employment status Categorical 

Source: compiled by the author. 

Published evaluations show both the potential and the limits of these tools. At Purdue University, the 

Course Signals early-warning system was associated with higher retention and better grades among 

students in courses that used it [17], although later analyses questioned whether these effects were 

causal. At the Open University (UK), the predictive learning analytics system OU Analyse was 

implemented on a large scale to help teachers identify students at risk of failing, and its benefits 

depended on how actively teachers used the predictions [18]. In a randomized controlled trial, the 

ASSISTments online homework platform improved students‟ mathematics achievement with an 

effect size of 0.18 standard deviations [19]. An evaluation commissioned by Duolingo estimated that 

about 34 hours of study on the platform were equivalent to one university semester of Spanish [20]; 

this result, however, has not been replicated in independent peer-reviewed research. 

 

Discussion 

The results show that the efficiency of AI in higher education depends less on the algorithms 

themselves than on the conditions under which they are used. The ethics of AI in education can be 

summarized in six principles (Figure 4): transparency, achieved through explainable AI; 

accountability, meaning clear responsibility for errors; fairness, meaning the prevention of 

algorithmic bias and discrimination; safety, including protection against pedagogical manipulation; 

privacy, meaning the protection of student data; and inclusivity, meaning the reduction of the digital 

divide. These principles are consistent with the community-wide framework for the ethics of AI in 

education proposed by Holmes et al. [21]. Algorithmic bias is a particular risk for prediction models, 

because historical educational data may encode inequalities related to gender, ethnicity, or socio-

economic status and reproduce them in at-risk classifications [22]. 
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Figure 4. Six principles of AI ethics in education 

In Uzbekistan, the use of AI in higher education is governed mainly by general digitalization and 

data protection legislation (Table 3). The Law “On Education” provides for the use of information 

technologies in the educational process [23], and the Law “On Personal Data” regulates the 

processing of personal data, including student data [24]. Internationally, the Artificial Intelligence 

Act of the European Union classifies AI systems used for admission, the evaluation of learning 

outcomes, and the monitoring of students during tests as high-risk and subjects them to strict 

requirements [25], which offers a useful reference point for national regulation. 

Table 3. Regulatory legal framework relevant to AI in higher education in Uzbekistan 

Legal or regulatory act Main provisions relevant to AI in higher education 

“Digital Uzbekistan – 2030” Strategy 

(2020) 

National program of digital transformation, including 

the education sector 

Law “On Personal Data” (2019) 
Protection and lawful processing of personal data, 

including student data 

Law “On Education” (2020) 
Integration of information technologies into the 

educational process 

Government resolutions on the Higher 

Education Management Information 

System (HEMIS) 

Digital management of the educational process and 

student records 

Strategy for the Development of AI 

Technologies until 2030 (2024) 

Development of the AI ecosystem, infrastructure, and 

human resources 

Source: compiled by the author. 

Generative AI has also changed the conditions of academic integrity. ChatGPT-type tools can 

produce essays that are difficult to distinguish from student work, which requires changes in the 

design of assessment [26]. At the same time, testing of AI-text detection tools has shown that none of 

them is fully accurate or reliable, so their results should not serve as the sole evidence of misconduct 

[27]. Leading universities and policy bodies, such as the Russell Group universities in the United 

Kingdom [28] and the U.S. Department of Education [29], therefore favor regulated use and AI 

literacy rather than prohibition (Table 4). 

Table 4. International approaches to the use of AI in higher education 

Organization Approach 

UNESCO (2023) 
Human-centered use of generative AI; protection of data 

privacy; capacity building for teachers and researchers 

Russell Group universities, UK 

(2023) 

AI literacy of students and staff; adaptation of teaching and 

assessment; appropriate use consistent with academic 

integrity 
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Organization Approach 

U.S. Department of Education 

(2023) 

“Humans in the loop”; alignment of AI with educational 

goals; trustworthy and evidence-based tools 

European Union, AI Act (2024) 
AI systems for admission, assessment, and student 

monitoring classified as high-risk 

Uzbekistan, AI Strategy until 

2030 (2024) 

National framework for AI development, including the 

training of human resources 

Source: compiled by the author. 

The study has limitations. As an analytical review, it relies on published evaluations, many of which 

were conducted in high-income countries and before the spread of generative AI, and the effects of 

LLM-based tutoring on learning outcomes in Uzbek universities have not yet been tested 

empirically. Future research should therefore evaluate AI tools in national higher education 

institutions using controlled designs and Uzbek-language resources. 

 

Conclusion 

The study shows that deep learning neural networks, LLMs, and adaptive learning platforms can 

transform traditional educational processes in higher education by personalizing learning trajectories, 

providing immediate feedback, and reducing the routine workload of teachers. Evidence from 

controlled evaluations confirms that intelligent tutoring and online formative assessment improve 

learning outcomes and that predictive learning analytics can identify students at risk of failure at an 

early stage, although the size of these effects depends on how the tools are implemented and used by 

teachers. At the same time, the widespread use of AI raises ethical, legal, and institutional 

challenges, including the protection of student data, the prevention of algorithmic bias, the limited 

reliability of AI-text detection, and the need to redefine academic integrity. The experience of 

leading universities and international organizations indicates that an open, regulated approach based 

on academic integrity and the systematic development of AI literacy among students and faculty is 

more effective than prohibition. For Uzbekistan, further improvement of the regulatory framework, 

the development of Uzbek-language AI resources, and empirical testing of AI tools in national 

universities are the key conditions for using AI to increase the efficiency of higher education. 
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