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USING ARTIFICIAL INTELLIGENCE TO ADAPT STUDENTS' LEARNING TRAJECTORIES

Abstract: In the modern era, where rapidly changing educational landscapes require adaptive learning
mechanisms, integrating artificial intelligence into education is no longer a futuristic dream but a necessity.
This paper presents a sophisticated intelligent system for real-time monitoring, detailed analyzing, and
adaptive optimizing of competency acquisition throughout the learning process. Based on a neural network
architecture augmented with ontological modeling and set-theoretic principles, this system provides a
structured yet flexible framework for continuous learning improvement. Using the Six Sigma DMAIC (Define-
Measure-Analyze-Improve-Control) methodology, the proposed model systematically improves educational
trajectories through data-driven analysis and iterative improvements, ensuring precise alignment with industry
and institutional requirements. In addition, the system incorporates predictive analytics and personalized
feedback mechanisms that adapt instructional strategies to individual learner needs, thus bridging the gap
between standardized curricula and personal learning paths. It further enhances decision-making for educators
by providing actionable insights, real-time performance dashboards, and evidence-based recommendations.
By combining advanced computational intelligence with proven educational methodologies, this research
contributes to the creation of resilient, scalable, and future-ready learning environments that foster innovation,
efficiency, and lifelong skill development.
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Introduction: In an era when the pace of intellectual development exceeds traditional
pedagogical models, the need for adaptive, data-driven learning mechanisms is becoming not just a
subject of theoretical discussions, but a real reality. The harmonious interaction of artificial
intelligence (Al) and education is no longer a futuristic prediction, but a profound transformation of
the methodological foundations of education aimed at aligning the process of acquiring
competencies with dynamically changing knowledge and professional requirements [1].

This article presents an intelligent educational system designed to monitor, analyze and
optimize the formation of competencies in various educational trajectories. The architectural basis
of the system consists of neural networks supplemented by ontological modeling and set theory,
which allows combining structure and adaptation in the educational process [2]. Unlike static
educational approaches, this method is based on continuous improvement, which ensures that
educational programs precisely match modern industry requirements [3] The application of the Six
Sigma DMAIC (Define-Measure-Analyze-Improve-Control) methodology enables a rigorous
feedback-based optimization cycle, in which data becomes a catalyst for iterative improvements in
curriculum development [4] In the context of increasingly complex labor market demands,
personalized Al-based learning systems act as a key mechanism for sustainable competency
development [5]. This paradigm is supported by a number of scientific papers. For example, studies
show that machine learning models can adapt educational pathways by using predictive analytics to
anticipate learners’ needs and remove cognitive barriers [6]. In addition, the implementation of
natural language processing (NLP) algorithms in Al learning platforms enables the development of
flexible assessment methods, replacing traditional exam schemes with adaptive and context-
sensitive knowledge assessment mechanisms [7].

Thus, we are on the threshold of a new educational ecosystem, where Al ceases to be just
an auxiliary tool and becomes an intelligent architect of the educational process, providing
unprecedented accuracy in building competency models [8]. The synergy of automated learning
analytics, neural network optimization and Six Sigma methodologies heralds a new era of education
moving towards adaptive and high-precision solutions [9].

Methodology

The proposed methodology of the intelligent educational system is based on the integration
of neural network models, ontological modeling and big data analysis, which allows adapting
educational trajectories to the individual needs of students. The system architecture includes a
neural network module that analyzes educational needs and predicts results, an ontological
knowledge model that forms logical connections between subjects, a machine learning module for
pattern recognition and content adaptation, and an analytical system based on big data for building
predictive models of academic performance. To optimize the learning process, the Six Sigma DMAIC
(Define-Measure-Analyze-Improve-Control) methodology is used, which ensures the iterative
improvement of educational strategies. At the Define stage, educational goals and key performance
indicators are formulated, Measure includes monitoring academic performance and analyzing
cognitive models, Analysis uses machine learning methods to identify problem areas, and
improvement is carried out using adaptive algorithms and reinforcement learning models. The final
stage (Control) includes automated monitoring of the effectiveness of the implemented strategies
and feedback from students. This system not only provides a personalized approach, but also
facilitates dynamic updating of curricula in accordance with industry requirements and the cognitive
characteristics of students.

Implementation and experimental verification

The data processing process in the proposed intelligent educational system is organized as
a sequential architecture that provides structured and adaptive management of educational
trajectories. This process includes several main levels, each of which performs certain functions in
data processing.

At the first stage, the data level is responsible for storing and managing educational
resources, such as competencies, courses, learning outcomes, and learning trajectories. Data is
stored in relational (PostgreSQL, MySQL) and graph (Neo4j, RDF) databases, as well as in scalable
big data warehouses (HDFS, Apache Hive). Integration with LMS platforms (Moodle, Open edX)
allows real-time retrieval and updating of information about students and educational courses [10].
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The information is then sent to the processing level, where preliminary data cleaning and
normalization is performed. This process uses ETL processes using Apache Spark and Pandas to
remove duplicates, fill in missing values, and bring the data into a consistent format. Ontology
modeling (OWL, RDF) plays an important role in establishing logical links between competencies
and courses, allowing for the creation of adaptive learning paths [11].

After processing, the data is transferred to the Al & Analytics layer, where machine learning
and predictive analytics methods are used. It uses deep neural network models (DNN, Transformer,
GPT, Llama 2) to predict students' learning needs, as well as adaptive testing algorithms based on
Item Response Theory (IRT) to personalize learning tasks [12]. In addition, the Big Data Analytics
module analyzes students' learning progress, identifies patterns, and provides personalized learning
recommendations [13].

The final stage is represented by the Presentation Layer, which provides visualization of the
educational trajectory, progress monitoring, and feedback for teachers and students. Interactive
dashboards implemented in React.js/Vue.js allow users to track their learning progress, while APIs
provide integration with LMS platforms and learning management tools [14].

Figure 1 shows the sequential architecture of the intelligent educational system,
demonstrating the interaction of data processing levels.

Data Layer

Processing Layer

Al & Analytics Layer

Presentation Layer

Figure 1 — Sequential architecture of an intelligent educational system

Development and testing process

Development of the personalization module

The proposed intelligent educational system implements a mechanism for personalizing the
educational trajectory, which allows adapting the learning process to the individual needs of
students. This is achieved through the use of a combination of deep neural network models, such
as DNN, Transformer, GPT and Llama 2, which analyze academic performance, identify knowledge
gaps and predict the learning needs of students. The main goal of this module is to predict the level
of knowledge of the student, and then adapt the educational content in accordance with his individual
characteristics and the pace of learning.

The development of the personalization module includes several main stages: data collection
and processing, training a knowledge prediction model and building individual learning trajectories.
The first stage involves the analysis of data on student performance, test results, attendance and
activity stored in relational and graph databases such as PostgreSQL and Neo4j and processed
using ontological modeling (RDF, OWL). Next, neural network models are trained using TensorFlow
and PyTorch based on the data obtained, which allows predicting the level of students' readiness by
analyzing the results of previous tests, the dynamics of learning, and the time spent.

After the forecast is made, the system adapts the course content: students with a high level
of preparation are offered more complex materials and tasks, and students with low results are
provided with additional resources and individual recommendations. This approach allows for the
creation of a flexible educational environment where the learning process is adapted to the
capabilities and needs of each student, which helps to increase the effectiveness of learning.

As shown in Figure 2, with an increase in the number of training epochs, the accuracy of the
model gradually increases, and the value of the loss function decreases, indicating a gradual
improvement in the predictive ability of the model.

Figure 2 shows the training of a neural network model to predict a student’s knowledge level,
during which the accuracy and loss indicators are recorded. At the end of the training, the system
predicted the difficulty of the course to be 0.5105, which indicates the average difficulty of the
presented learning material.
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Figure 2 — Results of training a neural network model to predict knowledge level

Mathematical model of knowledge forecasting

To determine the level of knowledge of the student, a recurrent neural network (RNN) or STM
is used, which allows taking into account the dependence of data on time t.

Formally, forecasting the level of knowledge:

St =fWSi—1 + X8 + &), 1)

where:

W is the weight matrix reflecting the influence of previous knowledge,

Xt is the vector of current parameters for the student (grades, interaction with the system,
training time),

B is the regression coefficient,

& is the random error.

In the intelligent education system, personalization of the educational trajectory is carried
out using machine learning methods that allow the learning process to be adapted to the individual
needs of students. The main goal of this module is to predict the student's level of knowledge and
then adjust the content of courses and educational materials. To achieve this goal, deep neural
network models such as DNN, Transformer, GPT and Llama 2 are used, which analyze student
learning progress, identify knowledge gaps and provide recommendations for individual learning.
The personalization process includes three main stages. The first stage involves collecting and
processing data from various sources, including test results, grades, class attendance and student
activity in the educational environment. This data is stored in relational databases (PostgreSQL,
MySQL) and graph knowledge bases (Neo4j, RDF) using ontological modeling. At the second stage,
a neural network model is trained on historical data to predict the student's level of preparation.
Machine learning algorithms based on TensorFlow and PyTorch are used for this, as well as time
analysis methods using recurrent neural networks (RNN, LSTM). The third stage involves adapting
the learning process: the system automatically offers additional materials to students with low
academic performance, changes the order of courses, and offers more complex tasks to students
with a high level of training.

Figure 3 shows the process of training a neural network model to predict the level of
knowledge of a student, where the main indicators are recorded: the loss function (cost) and the
mean absolute error (MAE).

Figure 3 — Results of trming te model for predicting the level of knowledge
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As the number of training epochs increases, the value of the loss function decreases, which
indicates a gradual improvement in the predictive ability of the model. As a result of the system's
operation, a predicted level of knowledge equal to 0.5228 was obtained, which indicates an average
level of training of students. Thus, the use of machine learning methods in the personalization system
allows for increased accuracy in predicting educational trajectories and contributes to the creation of
an adapted educational environment. This approach not only improves student performance, but
also makes the learning process flexible and adaptive to the individual needs of students.

Experimental verification and analysis of results

To evaluate the effectiveness of the proposed intelligent education system, a series of
experiments were conducted to analyze the accuracy of predicting the level of students' knowledge
and optimizing the adaptive learning path. The main data were students' academic performance,
including grades in midterm and final exams, as well as data on their activity in the learning
environment.

The model was trained on a sample of 5,000 students, including historical data on their
academic performance over several semesters. During the experiment, 80% of the data was used
for training and 20% for testing the model. To evaluate the quality of predictions, the mean absolute
error (MAE), root mean square error (RMSE), and classification accuracy (precision) were used.

The experimental results showed that the proposed model achieves an average accuracy of
85% and a mean absolute error of 0.12, indicating a high degree of predictive ability. Figure 4 shows
the change in the loss function during the model training process, where it is clear that with an
increase in the number of epochs, the accuracy of the model increases and the error decreases.

A —— Loss
u . R —m- MAE
g

5 0.20
3

T 015
g0

o W

25 5.0 75 10.0 125 15.0 175 20.0
3noxu

Figure 4 — Error dynamics during model training (Cost and MAE)

Figure 4 shows the error dynamics during model training. The graph shows the values of the
loss function (Cost) and the mean absolute error (MAE) depending on the number of training epochs.
As the number of epochs increases, a decrease in the value of the loss function can be observed,
indicating a gradual improvement in the predictive ability of the model. The MAE value also shows a
decrease in subsequent stages of training, confirming the effectiveness of the model optimization
process. These results indicate that the model is learning stably and improving the accuracy of
predicting the level of student knowledge.

The analysis showed that the use of personalized educational trajectories based on
predicting students' knowledge helps improve their academic performance. In particular, students
using adaptive methodological guidance showed a 15-20% improvement in academic performance
compared to the control group without intellectual support. Thus, the intelligent educational system
allows for increased accuracy in predicting educational results, which helps improve the efficiency
of the educational process. Further improvement of the model is possible in the future, including the
use of hybrid approaches to machine learning and ontological modeling to improve the adaptability
of educational recommendations.

Discussion of the results

The results of the experiment showed that the proposed model has a high degree of
predictive ability. During the training process, a decrease in the loss function was observed, which
indicates a gradual adaptation of the model and an improvement in its accuracy. The average MAE
was 0.237, which indicates a relatively small average error in predicting the level of students'
knowledge.

Comparison with traditional assessment methods showed that the use of an intelligent
system allows for 15-20% more accurate prediction of student performance. This is achieved by
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analyzing the individual learning path of each student and automatically adapting educational
materials to their level of preparation.

However, despite the successful results, the model has a number of limitations. Firstly, its
accuracy may be reduced due to insufficient data on student activity. Secondly, the system does not
take into account external factors, such as student motivation and their level of participation in the
learning process. In the future, it is planned to improve the model using hybrid algorithms that
combine neural network approaches and expert systems based on ontological modeling. Thus, the
proposed system is a promising tool for personalized learning and can be integrated into existing
educational platforms such as Moodle and Open edX.

Conclusion

This paper develops and studies an intelligent educational system based on machine learning
and ontological modeling methods, designed to predict the level of students' knowledge and
personalize learning trajectories. The main focus is on creating an adaptive model capable of
analyzing students' academic performance and automatically adjusting the course content
depending on their individual needs.

The results of the experiment confirmed the effectiveness of the proposed model. During the
training process, a decrease in the loss function (Loss) and a decrease in the mean absolute error
(MAE) were observed, indicating a gradual improvement in the accuracy of forecasting. The average
value of the predicted level of students' knowledge was 0.5228, which corresponds to the average
level of complexity of the educational material. The use of this system made it possible to increase
the accuracy of predicting educational results by 15-20% compared to traditional knowledge
assessment methods.

The use of personalized educational trajectories showed that adaptive machine learning
methods can significantly improve student performance and reduce the educational gap between
students with different levels of education. However, despite the positive results, the model has a
number of limitations, including dependence on the completeness and quality of input data, as well
as insufficient consideration of behavioral factors, such as the level of student motivation. In the
future, it is planned to further improve the model by introducing hybrid methods that combine neural
network approaches with expert systems and ontological analysis of knowledge. The possibility of
integrating the system into existing educational platforms such as Moodle, Open edX and other LMS
is also being considered, which will create a flexible and adaptive educational environment. Thus,
the proposed intelligent system is a promising solution for personalized learning and can significantly
improve the efficiency of the learning process, providing flexibility, predictive accuracy and
adaptation to the needs of students.
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CTYAEHTTEPAIH OKY TPAEKTOPUACKIH BEMIMAEY YLUIH XXACAHO bl UHTENNEKTTI KONOAHY

binim naHOwagpmmapbiHbiH Xblndam mypreHyi beliMOenzeH OKbImy memikmepiH Kaxem ememiH
Kasipai 3amaHda xacaHObl uHmesnekmmin 6inim bepydeai uHmezpayusicsl eHOi hymypucmik keskapac emec,
Kaxxemminik 6onbin mabsinadsl. byn makanada oKy ydepici bapbicbiHOa Ky3bipemmepdi meHazepyOi bakbinay,
marnday xeHe oHmadlrnaHObipyra apHanfaH Kypdeni uHmennekmyandbl xyde ycbiHbliraH. OHMOM02usbIK
molenbOey  XKoHe  XKUbIHMbIK-MEeOPUSNbIK  MPUHUUMNMEPMEH  MOSbIKMbIPbiiFaH — HEUPOHObIK  XXerli
apxumekmypacbiHa Heeaiz0enzeH 6y xytie okbimyObl y30iKci3 xemindipy ywiH KypblnbiMObIK, bipak ukemOi
Heei3di Kammamacbi3a emedi. Anmbl cuema DMAIC (aHbikmay-enwey-manday-xakcapmy-6akbinay)
adicmemeciH natidanaHa ombiphbin, YCbiHbIIFaH MOOEb canarbiK XoHe UHCmumyUuoHandblKk mananmapmeH
Oan calikecmeHOipydi Kammamachi3 eme ombipbin, 0epekmepae HezizderieeH marnday XoHe umepauusinbik
XKaKcapmynap apKbinbl 6inim 6epy mpaekmopusinapbiH xyleni mypde xxakcapmaodbl.

TyliH ce30ep: xacaHObI UHMeSNIEKM, MawuHasblK OKbImy, OHMOJ02UsifIbIK MOOerbOey, YIIKeH
Oepekmepdi manday, depbecmeHJipin2eH OKbimy.
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NMPUMEHEHUWE UCKYCCTBEHHOIO MHTENNEKTA Ona ADAONTUBHOIO NPOrHO3UPOBAHUA
YYEBHbIX TPAEKTOPUA CTYOEHTOB
B cospemeHHy0 3roxy, koela bbicmpas mpaHcgopmayus naHOwaghmos 3HaHul mpebyem
adanmueHbIX MexaHuU3Mo8 0by4yeHuUs, UHmezpayus UCKyCCmeeHHO020 UHmesiekma 8 obpasosaHue borbuie
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He sensiemcs ymypucmudyeckuMm eudeHueMm, a Heobxodumocmbro. B amold cmambee npedcmasneHa
C/I0XXHasi UHMesinekmyarnbHas cucmema, npedHasHadyeHHasi 05151 MOHUMOpPUH2a, aHanu3a u onmumu3ayuu
npuobpemeHusi KomrnemeHyul Ha MPOMSKEHUU 8ceao rpouecca obydyeHus. [locmpoeHHas Ha apxumekmype
HelpoHHOU cemu, OOMOIHEHHOU OHMOMI02UYECKUM MOJOEIUpO8aHUEeM U MeopemuKo-MHOXEeCMEEHHbIMU
npuHyunamu, ama cucmema obecriequsaem CmMpPyKMypuposaHHyt, HO 2UBKyH OCHO8Y Oris Herpepbi8HO20
cosepuieHcmeogaHusi oby4yeHus. Ucrionb3ys memodonozauto Six Sigma DMAIC (OnpedeneHue-usmepeHue-
AHanus-YnydweHue-koHmpornb),  npednazaemass  MoOenb  cucmemamuyecku — coeepueHcmesyem
obpasosameribHble mpaekmopuu rnocpedcmaeoM aHau3a Ha 0CHO8e OaHHbLIX U UmepamusHbIX yriy4duweHud,
obecrneyusasi moyHoe coomeemecmaue ompacsiesbiM U UHCMUMyyuoHarsnbHbIM mpebosaHusiM.

Knrodyesble cnoea: UCKYCCMEEHHbIU UHMENIeKm, MalWuHHoOe oby4yeHue, OHMOoo2u4ecKoe
modenuposaHue, aHanumuka 60nbwux 0aHHbIX, NepCoHanuU3upo8aHHoe oby4yeHue.
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