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In the context of the digital transformation of education, traditional learning models based on standardized
approaches demonstrate limited effectiveness and fail to account for individual learner characteristics. In this
regard, the development of adaptive curricula based on educational data analysis and the application of Data
Mining methods has become increasingly relevant. The aim of this study is to develop and experimentally
validate a model for adaptive curriculum design that ensures the personalization of the educational process
and enhances its effectiveness. The methodological framework integrates approaches from Learning
Analytics, machine learning, and data mining. The study employs classification, clustering, regression, and
association rule mining techniques. The empirical basis of the research includes data from 2,500 students,
collected from Learning Management Systems (LMS), encompassing demographic, academic, behavioral,
and log data. The experimental results demonstrate that the Random Forest model provides the highest
prediction accuracy for academic performance (Accuracy = 0.89). Cluster analysis identified three groups of
learners: high-performingstudents,average-performing students, and at-risk learners. Associationrule mining
revealed a significant relationship between student activity levels and learning outcomes. Comparative
analysis indicates that the implementation of the adaptive learning model leads to an increase in the average
academic score by 12 points and an improvement in the success rate by 18.0%. The findings confirm the
effectiveness of a data-driven approach and its importance in improving educational quality. Thus, the study
demonstrates the high potential of integrating Data Mining methods into educational systems and
substantiates the need to transition toward adaptive and intelligent learning models.

to meet the demands for flexibility, personalization,
and efficiency.

The modern higher education system is undergoing
profound transformation driven by the rapid
development of digital technologies, globalization of
the educational space, and the transition toward a
knowledge-based economy. In this context,
traditional approaches to curriculum design based on
standardized learning models are no longer sufficient
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Mass education, oriented toward the “average”
student, fails to consider individual cognitive
characteristics, learning pace, motivational factors,
and behavioral patterns. This leads to a decline in
educational quality, increased  academic
underperformance, and reduced student
engagement [1].
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In recent decades, theconceptofadaptive learning
has gained significant attention. This approach
involves the dynamic adjustment of the educational
process based on individual learner characteristics.
Adaptive curriculum design has become a key
direction in educational modermization, as it enables
the creation of personalized learning pathways and
improves learning effectiveness [2].

The development of information and
communication technologies has resulted in the
emergence of Big Educational Data, which includes
test results, student activity logs, interactions with
learningcontent, as well as social and behavioral data
[3]. These datasets are highly valuable, as they
contain hidden patterns that can be leveraged to
optimize educational processes.

However, traditional statistical methods are
insufficient for processing such large and complex
datasets. Therefore, the application of Data Mining
techniques has become increasingly important. These
methods enable the identification of hidden
relationships, prediction of learning outcomes, and
support data-driven pedagogical
decision-making [4]. Figure 1 illustrates the
conceptual framework of adaptive learning based on
educational data and Data Mining techniques.

The presented figure illustrates the architecture of
an adaptive educational system based on the
integration of educational data and Data Mining
techniques. Atthe center ofthe modelis the Adaptive
Learning System, which serves as the core
component, coordinatingall processes of analysis and
adaptation.

On the left side, the Educational Data Sources
subsystem is represented, encompassing various
sources of educational data, including Learning
Management System (LMS) activity logs, academic
performance records, test results, and behavioral
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indicators. These data form the foundation for
subsequent analysis and decision-making processes.

Based on these inputs, the Student Profile &
Dynamic Updates module is constructed,
representing a dynamic learner model. This
component includes key attributes such as knowledge
level, skills, learning preferences, and progress.
Continuous updates enable the system to account for
changes in the learner’s educational trajectory in real
time.

The central analytical component of the system is
the Data Mining Techniques module, which
implements advanced analytical methods, including
predictive modeling, clustering, associationrules, and
dependency analysis. These techniques facilitate the
identification of hidden patterns and the generation of
actionable recommendations.

The analytical results are utilized within the
Individualized Content module, where personalized
learning materials are generated. This includes
adaptive courses, customized assignments, and
targeted recommendations aimed at optimizing the
learning process.

Additionally, the system incorporates a Real-
Time Feedback module, which provides immediate
feedback through recommendations, hints, and
analytical reports on learning performance. This
enhances leamer engagement and supports
continuous improvement.

All components are integrated within a closed
feedback loop, ensuring continuous data collection,
analysis, and curriculum adaptation. As a result, the
system operates as a dynamic, self-learning
environment capable of ongoing optimization of the
educational process.

Overall, the model demonstratesthe integration of
big data technologies, artificial intelligence, and
pedagogical approaches, significantly enhancingboth
the quality and personalization of learning.
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Figure 1: Conceptual framework of adaptive learning.
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Figure 2: Architecture of the educational analytics system.

1.1 Description

The scheme reflects the data flow from the leamer to
the analytical system, followed by decision-making
processes, and back to the learner in the form of
adapted educational content.

Educational Data Mining (EDM) represents a
specialized domain of Data Mining focused on
analyzing educational processes and improving their

effectiveness [5]. EDM  methods include
classification, clustering, regression analysis,
associationrule mining, and neural networks. These
approaches  enable  learner  segmentation,

identification of at-risk groups, prediction of
academic outcomes, and generation of personalized
recommendations.

One of the key advantages of adaptive learning is
its ability to individualize the educational process.
Unlike traditional approaches, where instruction
follows a standardized pathway, adaptive systems
account forindividual learner characteristics, thereby
improving knowledge acquisition and reducing
dropout rates [6].

Table 1: Comparative analysis of traditional and adaptive
learning.

o Traditional Adaptive
Criterion . .
Learning Learning
Personalization Low High
Data Utilization Limited Intensive
Flexibility Low High
Feedback Delayed Immediate
Effectiveness Moderate High

Table 1 presents a comparative analysis of
traditional and adaptive learning approaches. The
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findings clearly demonstrate the advantages of
adaptive learning systems in terms of personalization,
flexibility, and effectiveness.

An importantaspect of adaptive learningis the use
of clusteringtechniques for learner segmentation. For
instance, the k-means algorithm enables the
identification of groups of students with similar
characteristics, allowing for the development of
differentiated educational
strategies.

Classification methods, such as decision trees and
neural networks, are used to predict academic
performance and identify key factors influencing
learning outcomes. These techniques play a crucial
role in supporting data-driven decision-making
within adaptive educational systems. Figure 2
presents the architecture of the educational analytics
system used to support adaptive decision-making

The presented figure illustrates a comprehensive
architecture of an educational analytics system based
on the sequential processing and interpretation of
educational data to support adaptive learning. The
model reflects the complete data lifecycle-from data
collection to decision-making.

The initial stage of the system is represented by
the Data Collection block, which includes the
aggregation of data from multiple sources within the
educational environment. These sources comprise
Learning Management System (LMS) activity logs,
assessment and testing results, assignment
completion data, and learner interaction with
educational content. This stage is critical, as the
quality and completeness of the data directly
influence the accuracy of subsequent analyses.

The next stage is Data Processing, where raw data
undergo preprocessing. This includes data cleaning
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(removal of errors and missing values),
transformation (conversionintoaunified format), and
normalization (scalingofvariables). These operations
prepare the dataset for further analysis and enhance
the reliability of results.

The central component of the system is the
Educational Analytics System, which functions asthe
analytical core, integrating and coordinating all data
processingactivities. This module ensures interaction
between system components and serves as the
foundation for intelligent data analysis.

At the Data Analysis stage, Data Mining
techniques are applied, including predictive
modeling, clustering, association rule mining, and
regression analysis. These methods enable the
identification of hidden patterns, segmentation of
learners, prediction of academic performance, and
detection of key factors influencing educational
outcomes.

The final stage is Decision Making, where
analytical results are translated into actionable
educational strategies. This includes the generation of
personalized content, adaptive assessment materials,
and targeted recommendations for learners, thereby
enabling individualized learning pathways.

A distinctive feature of this architecture is the
presence of a closed feedback loop, which ensures
continuous data updating and system adaptation
based on new insights. This allows the system to
function as a dynamic, self-learning structure.

Overall, the architecture demonstrates the
integrationofbigdata technologies, machine learning
methods, and pedagogical approaches, ensuring
enhanced efficiency, flexibility, and personalization
of the educational process.

1.2 Challenges and Limitations

Despite significant progress in this domain, several
challenges remain:
= integration of heterogeneous data (structured
and unstructured);
= interpretability of machine learning models;
which is crucial for transparency in educational
decision-making, ;
= data privacy and security concerns related to
student information.

Additionally, the implementation of adaptive
systems requires a transformation in the role of
educators. Teachers evolve from knowledge
providers into analysts, facilitators, and designers of
learning trajectories, which necessitates new
competencies and professional development [7].
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Table 2: Data mining methods in educational analytics.

Method Purpose Application
Classification Prediction Student
performance
Clustering Segmentation Learner groups
. . Outcome
Regression Forecasting evaluation
Association Pattern Student behavior
Rules discovery

Table 2 summarizes key Data Mining methods
used in educational analytics and their applications.
These techniques support predictive modeling,
learner segmentation, and behavioral analysis,
enabling data-driven decision-making.

In the context of globalization, adaptive
educational technologies have become a key factor in
enhancing the competitiveness of educational
institutions. They enable alignment of curricula with
labor market demands, improve accessibility, and
increase overall educational quality [8].

Thus, the relevance of this study is driven by the
need to develop scientifically grounded methods for
adaptive curriculum design based on educational data
analysis and Data Mining techniques.

The main objective of this research is to develop
a conceptual and methodological model for adaptive
curriculum design that improves the effectiveness of
the educational process.

The research objectives include:

= analysis of existing approaches to educational
analytics,

= development of an adaptive learning model,

= selection and justification of Data Mining
methods,

= experimental validation of the proposed
approach.

Table 3: Comparative analysis of traditional and adaptive
learning.

N Traditional Adaptive
Criterion . .
Learning Learning
Personalization Low High
Flexibility Limited High
Data Usage Minimal Intensive
Feedback Delayed Immediate
Effectiveness Moderate High

As shown in Table 3, the experimental dataset
includes demographic, academic, behavioral, and
log-data features, which together provide a
multidimensional basis for adaptive curriculum
modeling. Despite the clear advantages of adaptive
learning, its implementationis associated with several
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scientific and practical challenges. One of the key
issues is the integration of heterogeneous data
sources, including both structured and unstructured
data. Furthermore, there is a need to develop
interpretable machine leaming models whose results
can be effectively utilized for pedagogical decision-
making [6], [9]. Figure 3 illustrates the full data-
processingcycleofthe adaptive educational analytics
architecture.

The presented visual model illustrates an
integrated architecture of an educational analytics
system thatimplements the full data processing cycle
to support adaptive learning. At the center of the
diagramis the Analytics Platform, which functions as
the intelligent core of the system, responsible for
processing, analyzing, and interpreting educational
data.

The left side of the diagram is represented by the
Data Collection block, which is responsible for
gathering data from multiple sources within the
educational environment. This includes Learning
Management System (LMS) logs, quiz results,
academic assessments, and behavioral data of
learners. These data formtheprimary dataset required
for subsequent analytical processes.

The next stage involves data preprocessing
procedures, including data cleaning, normalization,
and feature engineering. These processes are aimed at
removing noise, standardizing data formats, and
enhancing data quality to ensure suitability for
analytical algorithms.

The central analytical component, the Analytics
Platform, integrates and processes data using
advanced Data Mining techniques. On the right side
of the diagram, the Data Analysis stage is presented,

Data Collection

EE hEES |

® LMS Logs e Data Cleaning
© Quiz Results e Normalization
® Grades & Assessments @ Feature Engineering
® Behavior

incorporating methods such as predictive modeling,
clustering, association rule mining, and regression
analysis. These techniquesenable theidentification of
hidden patterns, prediction of educational outcomes,
and segmentation of learners based on various
characteristics.

The results of the analytical stage are used to
generate adaptive decisions, represented as
personalized educational content and adaptive
assessment tools. This ensures the individualization
of the learning process and improves overall
educational effectiveness.

A critical feature of this architecture is the closed
feedback loop, visualized as a cyclical structure
around the central module. This mechanism enables
continuous data updates, repeated analysis, and real-
time adjustment of learners’ educational trajectories.

Overall, the architecture demonstrates a
synergistic integration of big data technologies,
machine learning methods, and pedagogical
principles, enablingthe developmentofan intelligent,
adaptive, and self-learning educational system
focused on improving both quality and
personalization of learning.

1.3 System Structure

The architecture consists of four main components:
= DataCollection(LMS, assessments, behavioral
data);
= Data Processing (cleaning, normalization);
= Data Analysis (clustering, classification);
=  Decision Making (adaptive curriculum design).

Data Analysis

e Predictive Modeling e Personalized
e Clustering Content
e Association Rules e Adaptive
e Regression o Assessments

4

Figure 3: Architecture of the educational analytics system.
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An important direction within this framework is
the use of clustering and classification methods for
learner segmentation. These approaches enable the
identification of groups of students with similar
characteristics and support the development of
differentiated educational strategies.

For example, algorithms such as k-means
clustering, decision trees, and neural networks are
widely applied in educational analytics to predict
performance and classify learners into meaningful
categories.

Table 4 summarizes the primary Data Mining
methods used in educational analytics and their
practical applications in predicting performance,
segmenting learners, and analyzing behavioral
patterns.

Furthermore, adaptive curriculum design requires
an interdisciplinary approach, integrating pedagogy,
computer science, statistics, and cognitive
psychology. Such an approach ensures that both
technological and pedagogical dimensions of
learning are effectively addressed. Figure 4 presents
the adaptive curriculum design model based on
educational analytics and Data Mining techniques.

The presented model illustrates an integrated
process of adaptive curriculum design based on the
use of educational analytics and Data Mining
techniques. At the center of the diagram is the

Curriculum Objectives

GlES

e Competencies
e Skills
e Learning Outcomes

Analytics
Platform

Real-Time Feedback

Analytics Platform, which serves as the core
analytical module responsible for processing,
analyzing, and interpreting educational data, thereby
providing intelligent support for all stages of
curriculum design.

The initial component of the model is the
Curriculum Objectives block, which represents the
formulation of learning goals. This component
defines key educational outcomes, including
competency development, skill acquisition, and
achievement of intended learning outcomes. It
establishes the strategic direction for subsequent
curriculum design.

The next stage is represented by the Adaptive
Course Planning block, which includes processes for
dynamically designing learning content. At this stage,
educational pathways are tailored according to
individual learner characteristics, learning styles, and
pace of knowledge acquisition. This ensures
flexibility and personalization of the learning process.

The Dynamic Assessment block implements an
adaptive evaluation system, including intelligent
testing, skill-level assessment, and continuous
monitoring of academic performance. The use of
dynamic assessment methods enables the timely
identification of knowledge gaps and supports the
adjustment of learning trajectories.

Adaptive Course Planning

=< QE

e Customization
e Learning Styles
e Paced Progression

Dynamic Assessment

[z

® Progress Insights
* Recommendations
e Learning Analytics

A

P Y

¢ Adaptive Quizzes
o Skill Proficiency
e Performance Tracking

Figure 4: Model of adaptive curriculum design.

Table 4: Key data mining methods in education.

Method Purpose Application
Classification Prediction Student performance
Clustering Segmentation Learner groups
Regression Forecasting Outcome evaluation
Association Rules Pattern discovery Student behavior
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The results of the assessment process are
transferredto the Real-Time Feedbackmodule, which
provides immediate feedback through analytical
reports, recommendations, and insights. This
enhances learning effectiveness and increases student
engagement.

All components of the model are integrated into a
closed-loop system, representing a continuous
process of curriculum improvement. The central
analytical module ensures ongoing data updates and
real-time adaptation of the educational process based
on analytical outcomes.

Overall, the model demonstrates a systemic
approach to adaptive curriculum design, based on the
synergy of pedagogical principles, data analytics
methods, and artificial intelligence technologies. Its
implementation enables a high level of
personalization, improves educational quality, and
aligns learning processes with the demands of the
digital economy.

1.4 Model Structure

The model includes:
= Input data (student profile),
=  Analytical module (Data Mining techniques),
=  Adaptation mechanism,
= Qutput (personalized curriculum).

1.5 Ethical Considerations

Special attention must be given to data ethics and
security issues. The use of learners’ personal data
requires strict adherence to principles of
confidentiality, transparency, and accountability,
particularly in the context of widespread Al
integration in education.

In the context of globalization, adaptive
educational technologies have become a key factor in
enhancing the competitiveness of educational
institutions. They improve accessibility, increase
educational quality, and align curricula with labor
market demands [8].

Thus, the relevance of this study is driven by the
need to develop scientifically grounded methods for
adaptive curriculum design based on educational data
analysis and Data Mining techniques.

The main objective of the research is to develop a
conceptual and methodological model for adaptive
curriculum design that improves the effectiveness of
the educational process.

The research objectives include:

= analysis of existing approaches to educational
analytics,
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= development of an adaptive learning model,
= selection and justification of Data Mining

methods,

= experimental validation of the proposed

approach.

Table 5: Comparative analysis of learning approaches.

Criterion Traditional Adaptive
Approach Approach
Personalization Limited High
Data Utilization Minimal Intensive
Flexibility Low High
Feedback Delayed Immediate

Table 5 highlights the key differences between
traditional and adaptive learning approaches, clearly
demonstrating the advantages of adaptive systems in

terms of  personalization, flexibility, and
responsiveness.
Furthermore, adaptive educational systems

require the development of new methodological
approaches to curriculum design. These approaches
must consider not only the content of instruction but
also its dynamic evolution over time, as well as
interactions between different components of the
educational environment. This necessitates an
interdisciplinary approach, integrating pedagogy,
computer science, statistics, and cognitive
psychology.

An important aspect is the use of clustering
methods for leamner segmentation. These techniques
enable the identification of groups of students with
similar characteristics, allowing for the development
of more precise and effective educational strategies.
For example, k-means and hierarchical clustering
algorithms are widely applied in educational data
analysis, . Figure 5 illustrates the architecture of the
intelligent adaptive learning system.

The presented diagram illustrates the architecture
of an intelligent adaptive learning system based on
the integration of artificial intelligence, educational
analytics, and personalized learning technologies.
The central component of the modelis the Al Engine,
which functionsas the system’s core, performing data
analysis, decision-making, and dynamic adaptation of
the learning process.

The input component of the system is the Learner
Profile, which includes demographic characteristics,
learning styles, and current academic performance.
This module forms the basis for personalization by
capturing individual learner attributes.

Based on learner profiles and activity data, the
Data Analysis stage performs preprocessing and
interpretation of educational data. The processed data
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are then passed to the Al Engine, where machine
learning algorithms are applied to predict learner
behavior and optimize learning trajectories.

The Learning Resources block represents the
repository of educational content, including digital
lectures, video materials, assessments, and
simulations. These resources are dynamically utilized
by the systemto generate adaptive learning scenarios.

Within the Personalized Content module,
individualized learning materials are generated,
including adaptive lessons and customized
assignments. This ensures alignment between
educational content and the learner’s level and needs.

The Assessment Module implements adaptive
evaluation mechanisms, including intelligent testing
and skill-level assessment. The results of these
assessments are used to refine recommendations and
adjust learning pathways.

A critical role is played by the Real-Time
Feedback module, which provides continuous
feedback through analytical insights,
recommendations, and performance reports. This
enhances learner engagement and supports ongoing
improvement.

The Learning Path Optimization module ensures
dynamic adjustment of learning trajectories based on
analytical outcomes and assessment results. This
component enables real-time adaptation of the
educational process.

Interaction between the student and instructor is
maintained through bidirectional communication,
including interaction and pedagogical guidance. This
highlights the importance of combining automated
systems with human support.

All components are integrated into a unified
closed-loop architecture with continuous data
exchange, enabling constant adaptation and self-
learning of the system. Overall, the model
demonstrates a comprehensive approach to adaptive
learning, combining Al, data analytics, and
pedagogical strategies to enhance both effectiveness
and personalization.

1.6 System Components

The architecture includes the following modules:
=  Data Collection Module;
= Data Analysis Module;
= Decision-Making Module;
= User Interface.

It is important to note that the implementation of
adaptive curricularequires not only technological but
also organizational transformation. The role of
educators evolves from knowledge providers to
facilitators, data analysts, and designers of
personalized learning pathways.

e

w Progress Tracking

ﬁ» nMapnveTests

- —y—

" Real-Time Feedback |

o skl Evaluation ’ @""""““"ﬂ"“

Figure 5: Architecture of the adaptive learning system.
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In the contextof globalization and digitalization,
adaptive technologies have become a key factor in
enhancing the competitiveness of educational
institutions, improving accessibility, and supporting
inclusive education [8].

Table 6: Comparative analysis of individualizationand data
usage.

o Traditional Adaptive
Criterion . .
Learning Learning
Personalization Low High
Data Utilization Limited Intensive

Table 6 highlights the fundamental transition
from a static, minimally data-driven educational
model to a dynamic, data-driven paradigm. Adaptive
systems leverage diverse data types-including
behavioral, cognitive, and analytical data-to generate
personalized educational solutions.

2 METHODS AND
METHODOLOGY

2.1 Methodological Framework

This study adopts an interdisciplinary approach
integrating Learning Analytics, Data Mining,
machine learning, and instructional design. The
methodology is based on the concept of data-driven
education, where decisions are informed by empirical
data rather than solely pedagogical intuition [10].

2.2 Research Design

The study follows a quasi-experimental design using
historical educational data. The research process
includes:

1) Data collection from LMS systems;

2) Data preprocessing and cleaning;

3) Application of Data Mining algorithms;

4) Development of an adaptive model;

5) Evaluation of effectiveness.

2.3 Data Structure

The dataset includes:
= Demographic data;
= Academic performance indicators;
= Behavioral data;
= Logdata.
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The data are represented as a feature matrix:
X € Rmxm,

where 7 is the number of students and m is the
number of features.

2.4 Data Preprocessing

Key preprocessing steps include:
= Data Cleaning: removal of missing values and
outliers;
=  Normalization:

Xnm'm = X- K

a

= Encoding: one-hot encoding for categorical
variables;

= Feature Selection: correlation analysis and
mutual information.

2.5 Data Mining Methods

Classification:
[ X=Y
Logistic regression function:

Py~ 1) = 7=
Algorithms used:

=  Decision Tree;

= Random Forest;

= Logistic Regression.

Clustering (k-means):

J=3"3" e -l

Regression:
y:ﬁﬂ_"!gl-rl _"'+!3n$n.

Association Rules (Apriori):
Support(A — B) = P(AU B)

Confidence(A — B) = P(B|A)

2.6 Model Architecture
The model consists of:

= Data Layer;

=  Processing Layer;

=  Analytics Layer;

= Decision Layer.
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2.7 Model Evaluation Metrics

Data Number of E )
Accuracy = TP+ TN Category Features xampies

TP +IN + FP+FN Demographic 5 Age, gender

Precision — P Academic 10 Grades, tests

" TP+ FP Behavioral 15 Activity time

TP Log data 15 Clicks, navigation

Recall = ——
TP + FN

2. (Precision - Recall)
Precision + Recall

Fl=
Additionally, k-fold cross-validation is applied.
2.8 Experimental Implementation

The model is implemented using Python (Scikit-
learn, Pandas, NumPy).

3 RESULTS

3.1 Dataset Characteristics

The datasetincludes N = 2,500 students and m = 45
features, covering academic, behavioral, and
interaction data (Table 7).

Analysis shows that behavioral and log data
contribute most significantly to model performance.
The most informative features include:

= interaction frequency;
= intermediate assessment results.

Table 7: Structure of experimental data.

3.2 C(Classification Results

The results demonstrate that Random Forest
achieves the highest performance across all metrics
(Table 8). Its ensemble nature reduces variance and
improves generalization.

The high Fl-score (0.86) indicates a strong
balance between precisionand recall, whichis critical
in educational analytics where both false positives
and false negatives must be minimized.

Thus, ensemble methods-particularly Random
Forest-are identified as the most effective approach
for predictive modeling in adaptive learning systems.
Figure 6 compares the classification accuracy of
Logistic Regression, Decision Tree, and Random
Forest models.

The presented diagram illustrates a comparative
analysis of the accuracy (Accuracy) of three
classification algorithms applied to predict students’
academic performance: Logistic Regression,
Decision Tree, and Random Forest. The visualization
is presented as a bar chart, enabling a clear
comparison of model effectiveness.

Table 8: Comparison of classification models.

Model Accuracy Precision Recall F1-score
Logistic Regression 0.78 0.75 0.73 0.74
Decision Tree 0.82 0.80 0.78 0.79
Random Forest 0.89 0.87 0.86 0.86
1.00
0.95 0.89
0.90
0.85
0.80
0.75
0.70
0.65
0.60
0.65
0.60

Logistic Regression Decision Tree Random Forest

Figure 6: Comparison of classification model accuracy.
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The analysis shows that Logistic Regression
demonstrates the lowest accuracy (Accuracy = 0.78),
which can be attributedto its linear nature and limited
ability to capture complex nonlinear relationships
inherent in educational data. Although the model is
simple and interpretable, its predictive performance is
inferior to more advanced algorithms.

The Decision Tree model achieves higher
accuracy (Accuracy = 0.82), owing to its ability to
model nonlinear relationships and interactions
between features. However, decision trees are
sensitive to noise in the data and are prone to
overfitting, which may reduce their generalization
capability.

The best performance is achieved by the Random
Forest model, which reaches the highest accuracy
(Accuracy=0.89). This superiority is explained by its
ensemble approach, combining multiple decision
trees to reduce variance and improve predictive
stability. As a result, the model demonstrates strong
generalization performance and robustness against
noise.

Visually, the gap between Random Forest and the
other models appears statistically significant,
confirming its effectiveness in educational analytics
tasks. The results clearly indicate that ensemble
methods provide superior predictive performance and
are therefore preferable for developing adaptive
learning systems.

Description. The bar chart clearly demonstrates
the superiority of the Random Forest model across
performance metrics.

The obtained results confirm the effectiveness of
ensemble methods in educational data analysis.

3.3 Clustering Results

The application of the k-means algorithm enabled the
identification of three stable clusters of learners:

1) High-performing students;
2) Average-performing students;
3) At-risk students.
Table 9: Characteristics of learner clusters.
Academic Activity Risk

Cluster Performance Level Level
Cluster 1 High High Low
Cluster 2 Medium Medium Medium
Cluster 3 Low Low High

Table 9 presents the results of cluster analysis
conducted using the k-means algorithm,
demonstrating the segmentation of leamers into three
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distinct groups based on academic performance,
activity level, and risk of failure.

Cluster 1 represents high-performing students
characterized by strong academic results and high
engagement levels. The low-risk level indicates
stability and consistent performance. This group is
well-suited for advanced leaming strategies focused
on deepening knowledge and developing higher-
order competencies.

Cluster 2 includes students with moderate
academic performance and activity levels. The
medium risk level suggests potential instability in
learning outcomes. This group requires targeted
support, including personalized recommendations
and moderate adaptation of learning content.

Cluster 3 represents the at-risk group,
characterized by low performance and low
engagement. The high-risk level indicates a
significantlikelihood of academic failure. This group
is critically important from an educational analytics
perspective, as it requires immediate intervention,
including adaptive learning path adjustments,
enhanced feedback, and individualized support.

The clustering results reveal a clear relationship
between student activity and academic performance,
confirming the importance of behavioral data in
modeling educational processes.

The identification of such clusters enables the
implementation of differentiated educational
strategies, thereby improving the effectiveness of
adaptive learning systems. Figure 7 compares the
effectiveness of traditional and adaptive learning
approaches.

The presented diagram illustrates the results of
cluster analysis and visualizes the distribution of
students in a two-dimensional feature space defined
by engagement level and academic performance. The
visualization is implemented as a scatter plot,
allowing for clear identification of data structure and
cluster boundaries.

Three distinct clusters of learners are clearly
identified, each characterized by specific behavioral
and academic attributes.

The first cluster (Cluster 1: High Achievers)is
located in the upper-right region of the plot and
includes students with high engagement and high
academic performance. This group is associated with
a low level of academic risk and represents the most
successful category of learners.

The second cluster (Cluster 2: Moderate
Performers) occupies the central region of the
diagram and includes students with moderate levels
ofengagementand performance. The risk level in this
group is medium, indicating potential instability in
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academic outcomes and the need for adaptive
support.

The third cluster (Cluster 3: At-Risk Students) is
located in the lower-left region and includes students
with lowengagement and low academic performance.
This group is characterized by a high risk of academic
failure and requires prioritized intervention within
adaptive learning systems.

The use of color differentiation and elliptical
cluster boundaries enhances the visualization of
group separation and demonstrates the effectiveness
of the k-means clustering algorithm for learner
segmentation.

The observed linear relationship between
engagement level and academic performance
confirms the hypothesis regarding the critical role of
behavioral factors in educational analytics.

Thus, the visualization highlights the practical
value of Data Mining methods for identifying hidden
structures in educational data and supports the
development of personalized learning strategies.

Description. The scatter plot demonstrates the
separation of students based on engagement and
performance levels.

3.4 Regression Analysis Results

The regression model revealed a statistically
significant relationship between student activity time
and final academic performance, with:

R?2=0.71.

High A

Cluster 3: At-Risk Students
High Risk

Low

This result indicates a strong influence of learner
engagement on academic outcomes, confirming that
increased activity levels contribute substantially to
improved performance.

3.5 Association Rule Analysis

The applicationofthe Apriori algorithmidentified the
following key patterns:
= Students completing more than 80% of
assignments have a probability of success
greater than 0.90;
= Low engagement is directly associated with a
higher risk of academic failure.

Table 10: Examples of association rules.

Rule Support | Confidence
High activity — High 065 091
performance
Low activity — Risk 0.48 0.88

Cluster 2: Moderate Performers
Medium Risk

Table 10 presents the results of association rule
mining, highlighting hidden relationships between
student behavior and academic performance.

The firstrule (High activity — High performance)
demonstrates strong statistical significance, with
supportof0.65 and confidence 0of0.91. This indicates
that 65% of observations follow this pattern, and the
probability of achieving high performance given high
activity is 91%.

Cluster 1: High Achievers

Low Risk

QIILL©
\W J "/
v @

Low

High

Engagement Level

Figure 7: Visualization of learner clusters.
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The secondrule (Lowactivity — Risk) also shows
high relevance, with support of 0.48 and confidence
0f'0.88. This indicates that nearly half of low-activity
students fall into the at-risk category, with an 88%
probability of academic underperformance.

These findings confirm that behavioral indicators
are strong predictors of academic success,
emphasizing the importance of engagement in
adaptive learning systems.

3.6 Effectiveness of the Adaptive Model
Comparative analysis demonstrates that the adaptive
learning model significantly improves academic

outcomes compared to traditional approaches.

Table 11: Comparison of learning effectiveness.

Approach Average Score Success Rate
Traditional 68 62%
Adaptive 80 80%

Table 11 presents a comparative evaluation of
traditional and adaptive learningapproaches based on
two key indicators: average academic score and
success rate.

The traditional approach is characterized by
moderate effectiveness, with an average score of 68
and a success rate of 62%. These results reflect
limited personalization and insufficient use of
educational data.

In contrast, the adaptive approach demonstrates
significantly higher performance, with an average
score of 80 and a success rate of 80%. The increase
of 12 points in average score and an 18%
improvement in success rate indicate a substantial
enhancement in learning effectiveness.

These improvements are attributed to:

= personalized learning pathways;

= real-time feedback mechanisms;

= data-driven optimization of
processes.

educational

b Average
Score

80

Thus, the comparative analysis clearly
demonstrates the superiority of adaptive learning over
traditional approaches, confirming its effectiveness in
modern digital education environments.

Figure 8 illustrates a comparative analysis of the
effectiveness of traditional and adaptive learning
approaches based on two key indicators: average
academic score and success rate. The visualization is
presented as bar charts, enabling a clear comparison
of results.

On the left side, the comparison of average
academic scores shows that the traditional approach
achieves avalue of 68, whereas theadaptive approach
reaches 80. The increase of +12 points indicates a
substantial improvement in academic performance
through the use ofadaptive educational technologies.

On the right side, the success rate is compared.
The traditional approach demonstrates a success rate
of 62%, while the adaptive approach reaches 80%,
reflecting an increase of +18%. This confirms a
significant reduction in academic failure and an
overall improvement in learning outcomes.

The visual emphasis on performance growth
highlights the positive impact of transitioning from
traditional to adaptive learning. The observed
improvements demonstrate the synergistic effect of
Data Mining methods and educational analytics.

Thus, the diagram clearly confirmsthe superiority
of'the adaptive approach in enhancing both academic
performance and student success rates.

3.7 Discussion of Results

The obtained resultsconfirm the hypothesisregarding
the high effectiveness of Data Mining methods in
educational analytics. The use of adaptive models
significantly improves learning quality, reduces
dropout rates, and optimizes learning trajectories.

Success
Rate

62%

Traditional Adaptive

Traditional Adaptive

Figure 8: Comparison of learning effectiveness.



Proceedings of the International Conference on Applied Innovations in IT (ICAIIT), June 2026

Thus, the experimental findings demonstrate a
clear advantage of the adaptive approach over
traditional learning methods.

4 DISCUSSION

4.1 Interpretation of Results

The results obtained in this study confirm the central
hypothesis regarding the effectiveness of Data
Mining methods in adaptive curriculum design. In
particular, the classification results demonstrate the
superiority of ensemble methods, such as Random
Forest, which is consistent with contemporary
machine learning research emphasizing their strong
generalization capabilities [11].

The high values of Accuracy (0.89) and F1-score
(0.86) indicate that the proposed model effectively
predicts academic performance. This has important
practical implications, as it enables early
identification of at-risk students and supports timely
intervention.

The clustering results further demonstrate clear
segmentation of learners into three distinct groups,
confirming the non-homogeneous nature of student
populations. This findingaligns with the principles of
personalized learning, which emphasize the need for
differentiated instructional strategies.

4.2 Comparison with Existing Studies

The findings of this study are consistent with
international research in Educational Data Mining
and Learning Analytics.

For example, studies by Romero and
Ventura [12], [13] indicate that Data Mining methods
can improve prediction accuracy by 10—20%, which
aligns closely with the results obtained in this
research.

Similarly, Baker and Inventado [14][18]
emphasize the importance of behavioral data in
educational analytics. In this study, behavioral and
log data were identified as the most influential
predictors, confirming these findings.

Additionally, the association rule analysis
demonstrates a strong relationship between student
engagement and academic performance, supporting
engagement theory, which highlights active
participation as a key determinant of leaming
success [19]-[23].
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4.3 Practical Implications

The practical significance of this study lies in the
applicability of the proposed model in real-world
educational systems.
The use of adaptive algorithms enables:

= personalization of learning pathways;

= early identification of at-risk students;

= increased student engagement;

= optimization of educational processes.

The observed increase of 12 points in average
score and 18% in success rate confirms the high
effectiveness of the adaptive model and its practical
applicability.

4.4 Theoretical Implications

From a theoretical perspective, the study confirms
that integrating Data Mining methods into education
facilitates the transition from traditional models to a
data-driven learning paradigm.

This paradigm enhances the objectivity, accuracy,
and efficiency of educational decision-making.

The study also highlights the importance of an
interdisciplinary approach, combining pedagogy,
computer science, and statistics to address both
technological and educational dimensions.

4.5 Limitations

Despite its contributions, the study has several
limitations:
= limited dataset size;
=  potential noise and missing values;
= limited interpretability of some machine
learning models.

These limitations should be considered when
interpreting the results.

4.6 Future Research Directions

Future research should focus on:
= expanding datasets;
= applying deep learning models;
= incorporating additional factors (motivation,
social context);
= developing hybrid adaptive learning models.
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4.7 Section Summary

Overall, the findings confirm the effectiveness of
Data Mining methods in adaptive curriculum design
and demonstrate the clear superiority of adaptive
learning over traditional approaches.

5 CONCLUSIONS

This study addressed the important scientific problem
of developing an adaptive curriculum design model
based on educational data analysis and Data Mining
methods.

The analysis of current educational practices
revealed that traditional models lack flexibility and
personalization, highlighting the need for data-driven
approaches.

The proposed methodological model integrates
data collection, preprocessing, analysis, and decision-
making processes, enabling the development of
personalized learning trajectories.

The experimental results confirm the high
effectiveness of the model:

= Random Forest achieved the highest prediction
accuracy (0.89);

= clusteringidentified three key learner groups;

= association rules revealed strong relationships
between engagement and performance;

= adaptive learning improved average scores by
12 points and success rates by 18%.

These findings demonstrate that adaptive learning
significantly enhances educational outcomes and
supports personalized education.

From a theoretical perspective, the study
contributes to the development of a data-driven
educational paradigm, improving predictive accuracy
and decision-making quality.

From a practical perspective, the model can be
applied in universities, online platforms, and distance
learning systems to automate data analysis and
personalize educational content.

Despite limitations, the study highlights strong
potential for future research, particularly in applying
deep learning methods and expanding datasets.
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