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Abstract

The present education is concerned with the formation of the whole person child, rather than on just learning academic skills. In
addition to academic achievement and subject knowledge, students' overall development is enhanced through their qualities of
integrity, empathy, responsible behavior, ethical thinking and active participation. But, in many current education systems,
measurable academic results are more significant and resources are less available for the identification and development of those
personal and moral abilities. To fill this gap and meet the need of learning recommendations for individual students, this study
proposes an intelligent education model based on the Semantic Web and Artificial Intelligence (AI) technologies. The proposed
framework is a semantic based framework of RDF, RDFS, and OWL, to present student-related information in a structured and
meaningful way. Relationships between various aspects of a learner's academic and behavioral data are established through
ontologies and knowledge graph. These learner characteristics are then analyzed using Al and machine learning techniques to
derive relevant learning recommendations. An implementation was built using Python, Flask, Scikit-learn, Joblib and RDFLib.
It takes into account academic performance along with factors like honesty, empathy and participation in the classroom in order
to predict the learning outcomes and create meaningful semantic profiles for students. The proposed system shows that the use
of semantic knowledge representation along with Al can facilitate more relevant recommendations and meet individual learners'
needs. The method can also help teachers make decision making by offering a wider perspective of the students' growth rather
than relying on their academic performance. Furthermore, including aspects related to values in the learner profile provides
opportunities to promote values awareness and responsible attitudes. The proposed framework illustrates the potential of the
Semantic Web and Al technologies to assist a learning environment that preserves academic outcomes by considering personal,
social, and ethical growth.
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1. Introduction

Education has always been considered a process of trans- of the World Wide Web has significantly transformed the way
ferring knowledge from teachers to learners. The development information and knowledge are created, shared, and accessed

‘Correspondence: Manavapati Venkateswarlu (srmramanavenkat(@gmail.com)

Received: 22 June 2026; Accepted: 27 August 2026; Published: 4 September 2026

@ Copyright: © The Author(s), 2026. Published by Science Publishing Group. This is an Open Access article, distributed
@ under the terms of the Creative Commons Attribution 4.0 License (http://creativecommons.org/licenses/by/4.0/), which

permits unrestricted use, distribution and reproduction in any medium, provided the original work is properly cited.



http://www.sciencepg.com/journal/edu
http://www.sciencepg.com/journal/196/archive/1961505
http://www.sciencepg.com/
https://orcid.org/0009-0005-9228-5043
https://orcid.org/0009-0009-6103-0004
http://www.sciencepg.com

Education Journal

http://www.sciencepg.com/journal/edu

across interconnected systems [2]. Modern education systems
increasingly seek to foster ethical values, critical thinking, em-
pathy, integrity, and social responsibility along with academic
excellence [1, 10, 11]. Intoday's educational landscape, schools
are increasingly called upon not just to produce a body of
knowledgeable graduates, but responsible citizens who are ca-
pable of making informed and ethical decisions amidst complex
social situations. The concept of semantic education is a hopeful
groundwork for fulfilling these larger goals of education, and it
is based on the understanding of the relationships between the
concepts rather than memorizing isolated facts. This attitude is
compatible with the new emphasis on "whole child" and values-
based education, rather than rote learning. Artificial Intelligence
(Al) is one of the most powerful technologies that has contrib-
uted to the transformation of education to date, through the cre-
ation of intelligent tutoring systems, adaptive learning, educa-
tional data mining and personalized recommendation systems
[10-15]. Al-driven algorithms can help educational platforms
identify patterns in student data and customize learning experi-
ences to meet each student's specific needs. However, current
Al based educational systems tend to be more focused on aca-
demic achievement and have paid relatively little attention to
the cultivation of ethics, moral reasoning, and values-based
learning. Semantic Web technologies improve interoperability,
semantic search, and intelligent reasoning among educational
systems by enabling machine-understandable knowledge rep-
resentation through RDF, RDFS, OWL, and knowledge
graphs [3-9]. RDF is used to represent educational information
in the form of semantic triple and RDFS is used to define class
hierarchy and OWL is used to enable ontology-based logical
reasoning [3-7]. These technologies help to understand the re-
lationships among students, learning resources, ethical concepts,
competencies and educational outcomes as intelligent educa-
tional systems instead of as isolated pieces of information. Se-
mantic representations also enhance the interoperability be-
tween different education platforms and enable smarter recom-
mendations. The combination of the Artificial Intelligence and
Semantic Web technologies allows the creation of intelligent
educational systems that can analyze learner behavior, make
predictions on learning outcomes, evaluate ethical skills, and
provide explanations for recommendations that are based on
learning data [6, 7, 10, 12, 13]. Machine learning algorithms can
help classify students based on their academic and moral learn-
ing needs, and semantic reasoning can lead to the inference of
relationships between educational concepts, ethics, and learner
skills. Educational knowledge graphs also help this description
by explicitly representing the relationships employed in making
decisions. This research proposes a Semantic Web Based Edu-
cational Recommendation Framework to improve values, eth-
ics and moral reasoning in basic education. It is a framework
that combines semantic technologies with machine learning to
analyze student's traits such as academic achievement, honesty,
empathy, and physical activity in class. Student information is
represented in RDF, RDFS and OWL, allowing semantic rea-
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soning and knowledge sharing. A machine learning classifica-
tion determines the needs of the learners for support and a rec-
ommendation system presents individual academic and moral
learning activities. The framework is implemented in Python,
Flask, Scikit-learn, RDFLib and ontology-based knowledge
representation, to show the feasibility of the proposed approach
in practice. This paper makes the following key contributions:
The first is a Semantic Web based framework that combines Al
techniques and ontology based educational knowledge repre-
sentation. 2. Semantic ontology of learners, ethical concepts,
educational material, learning outcomes, and rules of recom-
mendations. 3. Recommendation system based on machine
learning that takes into account the academic success and moral
qualities of a student like honesty, empathy, participation, etc.
4. An RDF knowledge graph meant for semantic reasoning and
interoperability of educational resources. 5. Personalized aca-
demic and ethical development recommendations in a prototype
implementation. 6. An experiment to demonstrate the practical
success of using the Semantic Web and Atrtificial Intelligence
to support the teaching and learning of values. The rest of this
paper is organized as follows: In Section |1, the authors provide
a thorough overview of the existing research literature on Al,
Semantic Web technologies, educational recommender systems,
and moral education. In Section 111, the research gap is identi-
fied and the motivation of the proposed approach is given. The
proposed Framework of Semantic Artificial Intelligence and
system architecture and the experimental evaluation, results are
discussed in section IV. The ontology design, construction of
knowledge graph and semantic reasoning are described in Sec-
tion V. The final paper conclusions and future scopes are dis-
cussed Section VI.

2. Literature Review

The rapid advancement of Artificial Intelligence (Al),
Semantic Web technologies, and intelligent tutoring sys-
tems has significantly transformed modern education. Re-
searchers have explored various approaches for improving
personalized learning, educational recommendation sys-
tems, knowledge representation, and ethical reasoning
through intelligent computational techniques. This section
reviews the major research contributions relevant to Al-
driven semantic education and identifies the research gap
addressed by the proposed framework.

2.1. Artificial Intelligence in Education

Artificial Intelligence (Al), Semantic Web (SW) technol-
ogies and intelligent tutoring systems (ITS) are revolution-
izing the education sector with rapid developments. Various
techniques to enhance personalized learning, educational
recommendation systems, representation of knowledge and
ethical reasoning have been investigated using intelligent
computational techniques. It reviews the main research
works that affected the semantic education via Al and list the
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research gap which the proposed framework is going to fill.
B. Improved content. C. New features and enhancements. Al
has recently been demonstrated to be a powerful tool for per-
sonalized learning, adaptive assessment, intelligent tutoring
systems, and learning analytics [10-13]. Al is one of the most
impactful technologies in today's modern education systems.
Al-powered learning platforms utilize machine learning to
study student learning behavior, forecast performance, rec-
ognize learning hurdles, and tailor learning materials. Intel-
ligent Tutoring Systems (ITS) are adaptable to learner char-
acteristics to provide individualized learning experiences
that promote student learning and engagement. Numerous
research projects have shown that Al-based prediction mod-
els like Decision Trees, Random Forests, Support Vector
Machines, Na'we Bayes, Artificial Neural Networks, and
Deep Learning models can achieve high-performance pre-
dictions of student performance based on scores from vari-
ous exams, attendance, classroom participation, assignment
completion, and behavioral indicators. Further, Al-based
recommendation systems are found to enhance the efficiency
of learning by presenting suitable educational resources for
learners according to their profiles. The prediction of student
performance and identification of at-risk students has been
extensively studied using the Educational Data Mining
(EDM) techniques like Decision Trees, Random Forests,
Support Vector Machines (SVM), Nawe Bayes and Neural
Network (NN) [10, 14, 15]. Even with these progressions,
existing Al-driven education systems mainly emphasize
cognitive learning objectives.

2.2. Semantic Web Technologies in Education

The Semantic Web is an attempt to take the current Web
and make it machine-readable. Standardized technology to
represent educational knowledge, to define semantic rela-
tionships, and to enable automated reasoning is provided
by the Resource Description Framework (RDF), RDF
Schema (RDFS), and the Web Ontology Language (OWL).
To represent concepts such as courses, learning objectives,
competencies, assessments, instructors, and learners, some
educational ontology have been developed. RDF allows the
representation of educational facts as subject-predicate-ob-
ject triplets, and RDFS represents class hierarchies and se-
mantic relationships between the educational concepts.
OWL adds to these capabilities by adding logical inference
and ontology-based reasoning. The Semantic Web technol-
ogies such as RDF, RDFS, OWL, SPARQL, and Ontology
Engineering offer standard ways to represent educational
knowledge in machine-readable formats [3-9, 16-20]. Se-
mantic technologies are used to enhance interoperability
between different education systems and enable intelligent
knowledge retrieval. But there are only a few works which
combine the semantic knowledge representation and moral
education and values-based learning.
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2.3. Ontology-Based Educational
Recommendation Systems

By creating educational resource, competence, and learning
outcome graphs with ontological knowledge, the OESRS can
recommend personalized and explainable recommendations
[6, 16, 20]. The learner profile, the educational resources, the
competencies and the learning outcomes are represented as se-
mantic entities related to each other.

There are several benefits of the ontology-based recom-
mender systems over traditional recommender systems:

1) Enhanced understanding of learner needs semantically.

2) Improved interoperability between learning platforms.

3) Support for automated reasoning and knowledge infer-
ence.

4) Easy adaptability to machine learning algorithms. Cur-
rent systems of education based on ontology focus
mainly on curriculum recommendation and academic
content selection, and not on evaluation of ethical com-
petency.

2.4. Machine Learning for Student
Performance Prediction

There is a growing body of educational data mining re-
search that has been applied to the prediction of student suc-
cess, identification of at-risk students, and academic decision-
making. Commonly used algorithms include:

1) Decision Tree

2) Random Forest

Support Vector Machine (SVM)

1) Naive Bayes * K-Nearest Neighbour (KNN)

2) Logistic Regression

3) Atrtificial Neural Networks

Educational data typically consists of student performance
on grades and assessments, attendance, assignment submis-
sions and performance, participation, demographic data, and
learning behavior. These models have satisfactory prediction
accuracy, but they lack the representation of semantic
knowledge or moral features like honesty, empathy, responsi-
bility, and ethical judgment.

2.5. Knowledge Graphs in Smart Education

Knowledge graphs are a type of graph that models the con-
cepts in education, and the relationships between them, which
supports intelligent navigation, semantic search, adaptive
learning and recommendation. Modern educational
knowledge graph is a unification of the semantics of learners,
teachers, learning resources, skills, and evaluation along with
learning goals.

The Knowledge Graphs offer a number of advantages:

1) Personalized learning pathways.

2) Intelligent resource discovery.

3) Semantic similarity computation.
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4) Explainable Al recommendations.

5) Ontology-based reasoning.

The use of knowledge graphs for ethical concepts, values,
and moral competencies, however, still seems to be very lim-
ited.

2.6. Moral Education through Intelligent
Systems

The latest educational studies have sought to demonstrate
that students' success in the classroom is not enough to equip
them for responsible citizenship. Cultivating integrity, empa-
thy, fairness, responsibility, co-operation and ethical reason-
ing is also a characteristic of educational systems. Al can be
used to help with values education by: Data analysis of learn-
ers' responses on ethical scenarios.

1) Providing suggestions for values-based learning mate-

rials.

2) Recognizing moral shortcomings.

3) Supporting reflective learning activities.

4) Personalizing ethics education.

However, there are not many smart education systems that
integrate these technologies (Al, Semantic Web technologies,
Ontology Reasoning and assessment of moral competency) in
a single context.

2.7. Research Gap

Hence, an intelligent framework is required which inte-
grates the methods of Artificial Intelligence, Semantic Web
technologies, Ontology-based reasoning, and Knowledge
graph for both academic excellence and Values-based educa-
tion. A literature search has identified a number of areas of
research that are of interest: The main emphasis of most Al-
based educational systems is on academic performance pre-
diction. Knowledge representation is typically done in the
context of the Semantic Web, which is not often combined
with an Al-based recommendation system. Generally, moral
attributes like honesty, empathy, responsibility and ethical be-
havior are not included in the Educational prediction models.
4. Limited semantic reasoning and description of existing rec-
ommendation systems. There are only a few education struc-
tures that combine the concepts of RDF, RDFS, OWL, ma-
chine learning, knowledge graphs and personalized ethical
recommendations. There are limited comprehensive frame-
works that provide support for academic achievement and
moral development. In order to overcome these shortcomings,
the proposed research combines Semantic Web technologies,
ontology-based reasoning, knowledge graphs and machine
learning algorithms to create an integrated learning recom-
mendation system, evaluating not only the academic aspect of
learning, but also the moral aspect, and providing personalized
learning recommendations.
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3. Research Gap, Problem Statement,
and Objectives

3.1. Research Gap

The introduction of Artificial Intelligence (Al) in the edu-
cation sector has greatly enhanced personalized learning, in-
telligent tutoring systems, and student performance predic-
tions. Academic data has been used to predict academic out-
comes in the following very accurate machine learning tech-
niques: Decision Trees, Random Forests, Support Vector Ma-
chines, Naive Bayes, and Neural Networks. Likewise, in the
educational context, the Semantic Web technologies such as
RDF, RDFS, OWL, and Knowledge Graphs have improved
knowledge representation, knowledge interoperability, and se-
mantic search. While this Al-driven learning technology has
shown high predictive power, it is mainly based on academic
performance and not on moral and ethical growth [10, 11, 14].
Though these developments are emerging in the field of intel-
ligent educational systems, there are still some drawbacks in
the existing intelligent educational systems. Academic metrics
like exam results, attendance, assignments, etc., and class-
room performance are mostly used to assess students in most
Al-driven education recommendation systems. The moral and
ethical traits such as honesty, empathy, integrity, co-operation,
fairness and social responsibility are not normally assessed
when the learner is being assessed. Current Semantic Web ed-
ucational systems primarily concentrate on the representation
of educational resources, learning objects, curricula and
learner profiles. Ethical knowledge, moral skills and values-
based education are largely ignored when using semantic tech-
nologies to model them in a few very few systems. Therefore,
the existing education recommendation systems cannot deal
with the problem of assessing or recommending learning ac-
tivities that promote ethical education. Also, many educational
Al systems are black boxes, simply giving predictions without
being able to tell the reason. Limited description, transparency,
and trust in educational decisions due to a lack of semantic
reasoning. Another constraint arises when academic achieve-
ment and moral growth are typically considered distinct and
disjointed educational goals. Current systems do not often of-
fer a comprehensive system that can evaluate cognitive learn-
ing, ethical behavior and personalized educational support at
the same time. Thus, there is an urgent demand for an intelli-
gent education system that integrates the technologies of Arti-
ficial Intelligence, Semantic Web, Ontology, Ontology Rea-
soning, and Knowledge Graphs to offer the learner a compre-
hensive assessment of their learning and a personalized rec-
ommendation for their future learning process, covering not
only academic performance but also moral development.

3.2. Problem Statement

The educational systems of these days produce considera-
ble data relating to the performance of students, their behavior,
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and participation in class and assessment outcomes. But most
current intelligent learning systems only use learning content
information to model and predict learners. Ethical concepts
are not semantically represented, which limits intelligent sys-
tems' ability to understand the relationships between values,
like honesty, empathy, fairness, responsibility, and integrity.
Thus, traditional educational recommendation systems gener-
ate recommendations primarily for academic development to
ignore learners' moral development. As a result, the recom-
mendations produced by traditional educational recommenda-
tion systems are mainly for learning improvement without
considering the moral improvement of learners. Furthermore,
educational establishments are becoming more inquisitive
about the thoughtfulness of choice and support frameworks
that can recognize learners who need either educational help,
ethical steering or a mix of the two. Most machine learning
models are not able to make explainable recommendations
with semantic reasoning. Therefore, the need of the hour is to
create a Semantic Web-Based Artificial Intelligence Frame-
work that can do the following:

1) Automating, simplifying, and leveraging the application

of that knowledge, and

2) Representing ethical notions using ontologies,

3) Engaging in the "interdisciplinary work of analysis," and

4) Identifying the current status of their learning by analyz-

ing their text, and

5) Providing tailored, personalized academic and ethical

guidance, and The ability to give detailed explanations
based on knowledge graphs and ontologies.

To overcome these challenges, the proposed system will
combine the Semantic Web technologies with machine learn-
ing algorithms to develop an intelligent educational recom-
mendation system which will facilitate the holistic develop-
ment of learners. Likewise, while both Semantic Web technol-
ogies and knowledge representation [5-9] and interoperability
[16-20] have been extensively exploited, few studies merge
them together in a comprehensive educational recommenda-
tion system that incorporates the Al and ontology reasoning
capabilities alongside ethical competency assessment.

3.3. Research Objectives

The overall goal of this research is to create an intelligent
semantic educational framework, exploiting the capabilities of
both Artificial Intelligence and Semantic Web technologies to
support values-based education and Personalized Learning.
The specific objectives of the proposed research are:

1) To develop a model for an educational knowledge repre-
sentation system based on Semantic Web technologies,
using RDF, RDFS, and OWL.

2) To develop an educational ontology representing stu-
dents, teachers, courses, moral values, competencies,
learning resources, and recommendations.

To construct a knowledge graph that represents the seman-

tic relationships among academic concepts, ethical principles,
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learner characteristics, and educational resources.

To develop a machine learning model for classifying stu-
dents based on their academic performance and moral com-
petencies.

To assess students’ moral competencies based on learner
characteristics, such as honesty, empathy, and classroom par-
ticipation, as well as behavioral indicators.

To develop personalized learning and ethical recommenda-
tions using Al-based prediction models.

1) To integrate semantic reasoning with machine learning
predictions to provide explainable educational recom-
mendations.

2) To implement the proposed framework using Python,
Flask, Scikit-learn, RDFLib, and ontology technologies.

3) To evaluate the effectiveness of the proposed framework
using standard machine learning evaluation metrics,
such as Accuracy, Precision, Recall, and F1-Score.

To demonstrate how the integration of Semantic Web tech-
nologies and Artificial Intelligence can improve personalized
learning, ethical awareness, and educational decision-mak-
ing.

3.4. Research Contributions

The proposed research has the following significant contri-
bution to intelligent educational systems:
1) A novel Al- and ontology-driven knowledge representa-
tion-based Semantic Web-based educational framework
2) An extensive educational ontology of learners, ethical
concepts, educational resources, and recommendation
rules
3) A semantic knowledge graph for explainable educational
recommendations
4) An Al classification model of students based on aca-
demic and moral characteristics
5) An individualized recommendation system that pro-
motes academic growth and moral growth at the same
time
6) RDF, RDFS, OWL, Machine Learning, and Knowledge
Graph technologies integration in a single educational
architecture
7) A prototype implementation to show the feasibility of
the use of semantic Al for values-based education
The framework proposed in this study is part of the process
towards developing intelligent educational ecosystems that
will be able to support academic excellence and develop the
learners' ethical values, social responsibilities, empathy, integ-
rity, and moral reasoning.

4. Proposed Methodology and System
Architecture
Knowledge graphs facilitate semantic reasoning, enabling

explainable recommendations and improved interoperability
among educational resources [6-9].
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Machine learning algorithms classify students according to
academic performance and moral competencies, while seman-
tic reasoning supports personalized recommendation genera-
tion [10, 15].

4.1. Proposed Framework Overview

The proposed framework integrates Machine Learning with
Semantic Web technologies to construct an intelligent educa-
tional recommendation system [6, 7, 10]. This research pro-
poses a Semantic Web-Based Educational Recommendation
Framework that integrates Artificial Intelligence (Al), Ma-
chine Learning (ML), and Semantic Web technologies to sup-
port personalized learning and ethical development. Unlike
conventional recommendation systems that primarily focus on
academic performance, the proposed framework evaluates
both academic achievement and moral competencies to gen-
erate intelligent recommendations.

The framework consists of six major components:

1) Student Data Collection

2) Atrtificial Intelligence Prediction Engine

3) Semantic Knowledge Representation

4) Ontology-Based Reasoning

5) Recommendation Engine

6) Visualization and Decision Support

The proposed architecture enables educational institutions
to identify students requiring academic support, moral guid-
ance, or both while maintaining semantic interoperability
among educational resources.

4.2. Overall System Architecture

The overall workflow of the proposed system is illustrated
conceptually below.

ML Models

o System Benefits

Overall System Architecture

An intelligent system that predicts learning outcomes and provides personalized, value-based recommendations
using Machine Learning, Ontology, and Knowledge Graph reasoning.
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Figure 1. Overall System Architecture of the Semantic Web-Based Al Educational Framework.
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4.3. Student Dataset

The system uses a structured dataset containing both aca-
demic and moral attributes.

Academic Features

1) Mathematics Score

2) Science Score

Moral Features

1) Honesty

2) Empathy

3) Classroom Participation

Target Class

1) Excellent

2) Academic Support

3) Moral Support

4) Both Support

Each learner record represents a multidimensional educa-
tional profile that combines cognitive and behavioural charac-
teristics.

4.4. Data Preprocessing

Before training the machine learning model, the collected
dataset undergoes preprocessing to improve data quality and
predictive performance.

The preprocessing stage includes:

1) Removal of duplicate records.

2) Validation of numerical score ranges.

3) Missing value handling.

4) Data consistency verification.

5) Feature extraction.

6) Dataset partitioning into training and testing subsets.

The dataset is divided into:

1) Training Dataset (80%)

2) Testing Dataset (20%)

This partition enables unbiased performance evaluation.

4.5. Machine Learning Prediction Model

The Artificial Intelligence component predicts learner sup-
port requirements using supervised machine learning.

Let

X = {Math, Science, Honesty, Empathy, Participation}

represent the feature vector.

The target variable is

Y = {Excellent, Academic Support, Moral Support, Both
Support}

The prediction function is expressed as

[

Y =f(X)

]
where

X denotes student attributes.

f represents the trained machine learning classifier.

Y denotes the predicted educational outcome.
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Although the prototype employs the Decision Tree algo-
rithm, the framework supports comparison among multiple
machine learning algorithms including:

1) Decision Tree

2) Random Forest

3) Support Vector Machine

4) Na'we Bayes

5) K-Nearest Neighbour

6) XGBoost

Performance is evaluated using Accuracy, Precision, Recall,
and F1-score.

4.6. Moral Score Computation

The proposed framework introduces a Moral Score repre-
senting ethical development.
The score is computed using weighted attributes:

[
MS = 0.4(H) + 0.4(E) + 0.2(P)
]
where
H = Honesty
E = Empathy

P = Participation

The resulting score ranges from 0 to 100.

Interpretation:

1) 85-100: Excellent Moral Development

2) 70-84: Good Moral Development

3) 50-69: Moderate Moral Development

4) Below 50: Needs Moral Guidance

This quantitative representation allows Al models to inte-
grate ethical characteristics into learner assessment.

4.7. Semantic Knowledge Representation

Student information is represented using RDF triples, while
OWL ontologies model educational concepts and learner
characteristics [3-7].

Semantic Web technologies
knowledge using RDF triples.

Each educational fact is represented as

Subject - Predicate - Object

Example:

(Student001, hasHonesty, 90)

(Student001, hasEmpathy, 82)

(Student001, hasOutcome, MoralSupport)

These semantic triples form an RDF knowledge graph that
enables intelligent querying and interoperability.

represent  educational

4.8. Ontology Design

The ontology models educational entities and their relation-
ships.

Main Classes

1) Student

2) Teacher
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3) Course

4) MoralValue

5) Recommendation

6) LearningResource

7) Assessment

Object Properties

1) hasRecommendation

2) hasOutcome

3) enrolledin

4) demonstratesValue

5) requiresSupport

Data Properties

1) hasMathScore

2) hasScienceScore

3) hasHonesty

4) hasEmpathy

5) hasParticipation

6) hasMoralScore

The ontology enables automated reasoning using OWL rea-
soners.

4.9. Knowledge Graph Construction

The RDF triples are integrated into a semantic knowledge
graph.

Example relationships include:

1) Student — hasOutcome — MoralSupport

2) Student — demonstrates — Honesty

3) Honesty — relatedTo — Integrity

4) Integrity — supports — EthicalDecisionMaking

Knowledge graphs improve semantic search, explainability,
and intelligent recommendation.

4.10. Recommendation Engine & Algorithm of
the Proposed Framework

The recommendation engine combines Al predictions,
moral score analysis, and semantic reasoning.

Examples include:

1) Science score below threshold — Science Tutorials

2) Low honesty score — Integrity Workshops

3) Low empathy score — Empathy Stories

4) Low participation — Collaborative Learning Activities

Recommendations are personalized according to learner
profiles and ontology relationships.

Algorithm 1: Semantic Al-Based Educational Recommen-
dation

Input:

Student academic and moral attributes.

Output:

Predicted learner category and personalized recommenda-
tions.

Steps:

1) Collect student information.

2) Preprocess educational data.
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3) Calculate moral score.

4) Train machine learning classifier.

5) Predict learner outcome.

6) Generate RDF triples.

7) Populate educational ontology.

8) Perform semantic reasoning.

9) Execute recommendation rules.

10) Display personalized recommendations.

S. Experimental Setup and Results

Knowledge graph representation improves semantic query-
ing and educational knowledge sharing [6-9]. Machine learn-
ing models effectively classify students according to academic
and behavioural characteristics, while ontology reasoning en-
hances explainability and recommendation quality [10-15].

5.1. Experimental Environment

The proposed framework demonstrates the feasibility of in-
tegrating Artificial Intelligence and Semantic Web technolo-
gies for educational recommendation [6, 7, 10]. The Semantic
Web-Based Educational Recommendation System was imple-
mented using Python and evaluated on a Windows-based
workstation. The software and hardware configuration used
for the experimental study is summarized in Table 1.

Table 1. Experimental Environment.

Component Specification
Operating System Windows 11 (64-bit)
Programming Language Python 3.12

IDE Visual Studio Code
Web Framework Flask 3. x

Machine Learning Library Scikit-learn

Semantic Library RDFLib

Database CSV Dataset
Development Tools Joblib, Pandas, NumPy

5.2. Student Dataset & Data Preprocessing

A structured educational dataset was developed for evalu-
ating the proposed framework.

The dataset contains both academic and moral attributes.

Input Features

1) Mathematics Score

2) Science Score

3) Honesty Score

4) Empathy Score

5) Classroom Participation
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Target Classes

1) Excellent

2) Academic Support

3) Moral Support

4) Both Support

The complete experimental dataset contains student pro-
files representing different academic achievements and ethical
characteristics.

Before model training, the following preprocessing opera-
tions were performed:

1) Removal of duplicate records

2) Validation of attribute values

3) Missing value verification

4) Feature selection

5) Dataset splitting (80% Training, 20% Testing)

The selected features provide both cognitive and behav-
ioural information for intelligent prediction.

5.3. Machine Learning Models

To evaluate the effectiveness of the proposed framework,
multiple supervised machine learning algorithms were consid-
ered.

The evaluated models include:

1) Decision Tree

2) Random Forest

3) Support Vector Machine (SVM)

4) K-Nearest Neighbour (KNN)

5) Na'we Bayes

6) XGBoost

5.5. Performance Comparison

All models were trained using identical datasets to ensure

fair comparison.

5.4. Evaluation Metrics

The predictive performance of the models was evaluated

using standard classification metrics.

Accuracy

[
Accuracy=\frac{TP+TN}{TP+TN+FP+FN}

]

Precision

[
Precision=\frac{TP}{TP+FP}

]

Recall

[
Recall=\frac{TPH{TP+FN}

1
F1-Score

[

F1=\frac{2 \times Precision \times Recall}
{Precision+Recall}

]

where

TP = True Positive
TN = True Negative
FP = False Positive
FN = False Negative

Accuracy (%)
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Figure 2. Accuracy Comparison across Supervised Machine Learning Models.
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Table 2. Machine Learning Performance Comparison.

Model Accuracy(%)
DecisionTree 100.0
Random Forest 100.0
SupportVectorMachine(SVM) 75.0
K-NearestNeighbors(KNN) 75.0

Naive Bayes 75.0

The comparison enables objective evaluation of predictive performance across different classifiers.

Precision

1.000
1.000
0.750
0.750
0.625

Recall

1.000
1.000
0.750
0.750
0.750

F1-Score

1.000
1.000
0.750
0.750
0.667

Precision
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0.6
0.4 1
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Figure 3. Precision Comparison across Supervised Machine Learning Models.
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Figure 4. Recall Comparison across Supervised Machine Learning Models.
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Figure 5. F1 Score Comparison across Supervised Machine Learning Models.
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Figure 6. ROC Curve and AUC Comparison of Evaluation Models.

score calculated from honesty, empathy, and classroom par-
5.6. Confusion Matrix ticipation. S N
The score assists educators in identifying students requiring
A confusion matrix is generated for each classification values-based educational interventions.

model to analyze prediction quality. Based on the computed score, students are categorized into
The matrix reports: four moral competency levels:
1) Correct classifications A weighted moral score can be computed as:

2) Misclassifications

3) Class-wise prediction performance

Confusion matrix analysis provides deeper insight than
overall accuracy by identifying which learner categories are
confused by the classifier.

— Honesty™ Empathy ™ Participation
Moral Score 3

Classification

Moral Score Interpretation

85-100 Excellent Moral Development
5.7. Moral Score Evaluation 70-84 Good Moral Development

50-69 Moderate Moral Development

The proposed framework introduces a weighted moral
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Below 50 Needs Moral Guidance

5.8. Semantic Knowledge Graph Generation

Student information is transformed into RDF triples for se-
mantic representation.

Example:

Student001 hasMathScore 85

Student001 hasScienceScore 72

Student001 hasHonesty 91

Student001 hasEmpathy 83

Student001 hasOutcome MoralSupport

The generated RDF graph enables semantic querying, in-
teroperability, and ontology-based reasoning.

5.9. Recommendation Results

The recommendation engine combines Al predictions, se-
mantic reasoning, and moral score analysis.
Example recommendations include:
Condition Recommendation
Science < 70
Honesty < 60

Science Video Tutorials
Integrity Exercises
Empathy < 60 Empathy Stories
Participation < 60 Collaborative Learning Activities
These recommendations support both academic improve-
ment and ethical development.

5.10. Discussion

The experimental framework demonstrates the feasibility
of integrating Artificial Intelligence with Semantic Web tech-
nologies for intelligent educational recommendation.

The proposed approach differs from conventional educa-
tional systems by incorporating:

1) Academic performance analysis

2) Moral competency assessment

3) Ontology-based knowledge representation

4) RDF knowledge graphs

5) Semantic reasoning

6) Explainable personalized recommendations

This integration provides a comprehensive educational de-
cision-support system capable of promoting both academic
success and ethical development.

Future experimental work will involve evaluating the
framework using larger educational datasets and comparing
additional deep learning models for learner classification.

6. Conclusion and Future Work

6.1. Conclusion

The proposed framework facilitates personalized learning,
educational analytics, semantic interoperability, and values-
based education via explainable Al recommendations [6, 7]
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and [10-13]. The marriage of semantic technologies and Arti-
ficial Intelligence offers an exciting means toward building
next generation intelligent educational systems which can
help achieve academic excellence and ethical and moral de-
velopment. The proposed framework in this paper is a Seman-
tic Web Based Educational Recommendation Framework,
which combines Artificial Intelligence (Al), Machine Learn-
ing (ML) and the Semantic Web technologies to enhance per-
sonalized learning and the education of values. The proposed
framework is different from traditional educational systems
that focus mainly on academic achievements, as it also takes
into account moral skills in the assessment of student devel-
opment. The development of the framework integrates ma-
chine learning techniques with Semantic Web technologies
like RDF, RDFS and OWL in order to achieve an intelligent
educational environment, which is able to store learner
knowledge, ethical concepts and educational resources in a
machine understandable manner. A semantic knowledge graph
was used to establish the relationship between the student,
school subject, moral values, learning resources, and sugges-
tions. Learners were classified using machine learning algo-
rithms, and the quality and description of recommendations
were improved through the use of ontology-based reasoning.
To evaluate learner attributes like honesty, empathy and class-
room engagement, a moral score was added. This score sup-
ports academic assessment and helps teachers to identify stu-
dents who need values-based interventions, as well as aca-
demic interventions. The recommendation engine produces
customized learning activities such as academic tutorials, eth-
ics case studies, empathy activities and collaborative learning
opportunities. The proposed framework proves the effective-
ness of using Semantic Web technologies, Artificial Intelli-
gence (Al) and the fusion of semantic reasoning, ontology-
driven knowledge representation, and machine learning-based
prediction to enhance educational decision-making. Architec-
ture is designed to be interoperable, explainable and adaptive
to fit modern intelligent educational systems. Overall, this re-
search provides a cohesive model that will advance academic
achievement and at the same time encourage and develop eth-
ical thinking, social responsibility, honesty, empathy, and
moral growth. The convergence of the Al and Semantic Web
technologies offers a potential pathway for creating the next
generation of education systems that are capable of supporting
holistic learner development.

6.2. Future Work

The proposed framework demonstrates the potential of in-
tegrating Artificial Intelligence and Semantic Web technolo-
gies within the values-based education space; however, sev-
eral research opportunities remain to be explored in the future.
Future research may focus on creating a large-scale educa-
tional knowledge graph by integrating data from multiple
schools, universities, and online learning platforms. The in-
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corporation of Deep Learning models, particularly Trans-
former-based models in the field of Natural Language Pro-
cessing, could be explored for analyzing student essays, dis-
cussions, and reflective writings as a means of evaluating stu-
dents' ethical reasoning. Reinforcement Learning could be
used to simulate real-world ethical decision-making scenarios,
in which learners receive adaptive feedback based on their
choices. Additional concepts related to education, including
emotional intelligence, leadership, sustainability, citizenship,
digital ethics, and professional responsibility, could also be in-
corporated into the ontology. The use of Explainable Artificial
Intelligence (XAI) could enhance transparency and trust in Al-
based decision-making and recommendations. Furthermore,
multilingual educational ontologies could be developed to
support semantic learning across different educational sys-
tems and languages. The integration of Linked Open Data
sources, such as Wikidata and DBpedia, could enrich the edu-
cational knowledge graph with globally available educational
and ethical information. The proposed framework could also
be implemented on cloud-based educational platforms to pro-
vide real-time recommendations and support large-scale edu-
cational analytics. Long-term studies could be conducted to
assess the lasting effects of semantic Al-based recommenda-
tions on students' academic performance, ethical behavior, and
moral development. In addition, Federated Learning methods
could be explored to protect learners' privacy while enabling
the development of educational models across different insti-
tutions. The combination of Artificial Intelligence, Semantic
Web technologies, and ontology-based reasoning holds great
promise for creating intelligent educational ecosystems that
could not only enhance students' academic outcomes but also
help shape responsible, ethical, and socially conscious citizens
who can make positive contributions to society.

Abbreviations
Al Artificial Intelligence
ML Machine Learning
SW Semantic Web
RDF Resource Description Framework
RDFS RDF Schema
OWL Web Ontology Language
SPARQL  SPARQL Protocol and RDF Query Language
ITS Intelligent Tutoring Systems
EDM Educational Data Mining
SVM Support Vector Machine
NN Neural Network
KNN K-Nearest Neighbour
XAl Explainable Artificial Intelligence
KG Knowledge Graph
LOD Linked Open Data
ROC Receiver Operating Characteristic
AUC Area Under the Curve
TP True Positive
TN True Negative
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FP False Positive

FN False Negative

Fl1 F1-Score

RDFLib  Resource Description Framework Library
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