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Abstract

Curriculum design is a critical aspect of education, requiring careful consideration of content relevance, student
progression, and pedagogical coherence. In recent years, the use of Knowledge Graphs (KG) has gained attention
for their ability to represent complex relationships between concepts in a structured format. This paper introduces
KGCD (Knowledge Graph-based Curriculum Design), a novel approach to intelligent curriculum design that
leverages knowledge graphs to model subject matter interdependencies, skill progression, and student learning
paths. By incorporating Al-driven insights, KGCD offers educators a powerful tool for designing adaptive,
personalized curricula that align with student needs and educational goals. The system provides real-time
suggestions for curriculum adjustments, ensuring the inclusion of relevant content and logical sequencing of topics.
Initial pilot studies demonstrate KGCD’s potential to improve curriculum coherence and student learning
outcomes by providing data-driven support for curriculum development and revision.

Keywords: Knowledge Graphs (KG); Curriculum Design; Intelligent Education Systems; Adaptive Learning;
Semantic Relationships in Education; Artificial Intelligence (Al)

1. Introduction

The design of an effective curriculum is one of the most critical aspects of education, as it directly influences
student learning outcomes, engagement, and overall academic progression [1]. Traditionally, curriculum design
has relied heavily on the experience and intuition of educators to ensure that the material is well-structured,
logically sequenced, and aligned with pedagogical goals [2]. However, with the increasing complexity of modern
education, including the integration of interdisciplinary topics, digital resources, and personalized learning needs,
the task of developing an optimal curriculum has become more challenging [3]. It requires a system that can
intelligently organize, adapt, and update educational content based on both the curriculum's objectives and
individual student progress [4].

In recent years, Knowledge Graphs (KG) have emerged as a powerful tool in various domains, providing a
structured way to represent complex relationships between concepts, entities, and data [5]. Knowledge graphs have
demonstrated their utility in fields such as natural language processing, search engines, and recommendation
systems by enabling machines to understand and process semantic relationships more effectively [6]. The
application of knowledge graphs in education, however, remains an underexplored area. Leveraging KGs for
curriculum design could significantly improve the ability to dynamically represent subject matter
interdependencies, track student progress, and make intelligent curriculum adjustments [7].

This paper introduces KGCD (Knowledge Graph-based Curriculum Design), a novel framework that utilizes
knowledge graphs to create intelligent and adaptive curricula. The KGCD system models the intricate relationships
between topics, skills, and learning objectives, allowing for the design of personalized learning paths and providing
real-time feedback for curriculum improvement [8]. By incorporating artificial intelligence (Al) techniques,
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KGCD offers educators the ability to design curricula that not only follow logical learning progressions but also
adapt to individual student needs based on real-time performance data [9].

The importance of personalized learning has been well-documented in educational research, with studies showing
that tailored instructional approaches improve student engagement, retention, and overall academic success [10].
However, designing a curriculum that adapts to each student's pace and needs is a daunting task for educators.
KGCD addresses this challenge by automating the organization of content, suggesting modifications to ensure the
inclusion of relevant material, and ensuring that the sequencing of topics aligns with both educational goals and
student progress [11].

This paper is structured as follows: Section 2 reviews related work on knowledge graphs and intelligent curriculum
design, Section 3 presents the system architecture and methodology of KGCD, Section 4 discusses experimental
results and analysis, and Section 5 concludes the paper with future research directions

2. Literature Survey

The integration of artificial intelligence and knowledge representation techniques into curriculum design has
gained attention in recent years. This section reviews existing literature on knowledge graphs (KGs), intelligent
curriculum design, and their potential applications in education.

2.1 Knowledge Graphs in Education

Knowledge Graphs (KGs) have been successfully applied in various fields such as natural language processing,
search engines, and recommendation systems due to their ability to represent complex relationships between
entities and data points [12]. Knowledge graphs are capable of structuring large amounts of information into a
format that can be navigated and queried in a meaningful way [13]. In education, KGs are being explored as a
means of organizing learning content and representing semantic relationships between topics [14].

One of the first uses of KGs in education involved creating concept maps to visualize the relationships between
topics in a particular subject area [15]. These early implementations helped teachers and students navigate complex
subjects by providing a clear overview of how concepts are interconnected. Recent work has extended this by
integrating Al-driven knowledge graphs to recommend content and personalize learning experiences for students.

However, despite these advancements, the application of KGs for curriculum design is still a relatively new area.
While KGs have been widely adopted for organizing and recommending content, there has been limited research
on how they can be used to design and adapt entire curricula dynamically.

2.2 Intelligent Curriculum Design

Intelligent curriculum design leverages Al techniques to create personalized and adaptive curricula that respond
to the needs of individual learners. Traditional curriculum design is often static, relying on predefined learning
sequences and objectives that may not account for variations in student learning speed or interest. Intelligent
systems, however, offer the ability to continuously adapt the curriculum based on student performance, ensuring
that learners receive content at the right time and in the right format.

Several approaches have been proposed to address the need for adaptive curriculum design. Intelligent Tutoring
Systems (ITS) have been widely used to deliver personalized content and offer tailored instruction to students
based on their performance. However, ITS primarily focus on the delivery of content and student assessments
rather than the holistic design of the curriculum itself. Reinforcement learning models have also been applied to
personalize learning paths by predicting optimal sequences of content based on student interactions. These models
allow for real-time adjustments to be made as students’ progress, improving engagement and learning outcomes.

In addition to ITS, curriculum recommendation systems have been explored to assist educators in structuring
courses and materials. Park et al. (2018) developed a curriculum recommendation engine that used machine
learning algorithms to suggest course sequences based on student data, such as prior knowledge and interests.
Despite these efforts, a significant challenge remains in developing systems that can manage the entire curriculum
design process in a flexible and scalable manner.

2.3 Gaps in Existing Research

While knowledge graphs have been successfully applied in various educational applications, the research on using
them for intelligent curriculum design is limited. Most current approaches focus on content recommendation or
intelligent tutoring, without addressing the broader curriculum design process. This paper aims to fill this gap by
proposing a Knowledge Graph-based Curriculum Design (KGCD) framework that uses KGs to dynamically
structure and adapt curricula based on real-time data and learning progress. By integrating knowledge graphs with
Al, this approach provides a more comprehensive solution for designing adaptive and personalized learning
experiences
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3. Proposed Work

In this section, we provide a detailed mathematical analysis of the proposed Knowledge Graph-based
Curriculum Design (KGCD) framework. The analysis focuses on the representation of knowledge, the structure
of the curriculum, and the optimization processes involved in tailoring personalized learning paths for students.

3.1 Knowledge Graph Representation
The knowledge graph (KG) is defined as a directed graph G = (V, E), where:
e I/ represents the set of vertices or nodes, and each node corresponds to a concept or learning topic.

e E represents the set of directed edges, where each edge (vi,vj) € E denotes a prerequisite relationship
between topics v; and v;. If there is a directed edge from v; to v;, it implies that concept v; must be learned before
'Uj.
For each edge (v;, v;), we define a weight w(v;, v;) that represents the strength or difficulty of the prerequisite
relationship. This weight can be computed using expert knowledge or derived from data on student performance
in prior assessments. The set of prequisites for a topic v; is denoted as:

P(V]) = {Ui ev | (Vi,Vj) € E} (1)
This set defines the dependencies of topic v; on other concepts, forming the basis for the curriculum’s sequencing.
3.2 Student Progress Model

To track a student's progress, we define a state function S(t) for each student, where t represents the time or
learning session. The function S(t) € R™ provides a score vector for n topics, indicating the student's current
understanding of each topic in the curriculum. Each element of S(t), denoted as S;(t), is a normalized score for
topic v;, with values ranging between 0 (no understanding) and 1 (complete mastery):

S;(t) € [0,1], foreachv; €V (2)

Student progress over time can be modeled using a differential equation or discrete update rule that takes into
account the student's interaction with the learning material and the knowledge graph structure. For example:

Si(t+1) =5;(t) +AS;(1) 3
where AS; (t) represents the incremental knowledge gain in topic v; during session t.
3.3 Adaptive Learning Path Optimization

The KGCD system dynamically adjusts the learning path based on the student's progress. Let P(t) represent the
personalized learning path at time t, which is a subset of V. The objective of the system is to select the next set of
topics that maximize the student's learning progress while respecting the prerequisite structure.

The optimization problem can be framed as follows:

1 Obijective: Maximize the student's knowledge gain AS(t) for the selected learning path P (t), given the
constraints of the perquisite structure.

Maximize Y. ep(r) AS;(t) 4)
2 Constraints:
e v; € P(t) only if all prerequisite topics in P(v;) are already mastered.
e Budget constraints such as time or learning resources available per session.

This leads to a constrained optimization problem where the solution determines the optimal set of topics P (t) to
be covered in each session

4. Experimental Analysis

To evaluate the effectiveness of the proposed Knowledge Graph-based Curriculum Desigh (KGCD) framework, a
series of experiments were conducted with 100 students across various academic disciplines. The students were
divided into two groups: the experimental group, which utilized the KGCD framework, and the control group,
which followed a traditional, static curriculum design. The experiment was carried out over a six-week period,
during which both groups were assessed based on their comprehension, engagement, and progress through the
curriculum.
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4.1 Performance Metrics
Several performance metrics were used to measure the impact of the KGCD framework:

1. Learning Efficiency (LE): The students in the experimental group demonstrated a significant improvement in
learning efficiency compared to the control group. On average, the experimental group showed a 25% increase in
knowledge gain per unit of time spent on learning tasks. This indicates that the personalized learning paths
generated by KGCD allowed students to focus on relevant topics, reducing time spent on redundant or unnecessary
material.

2. Curriculum Coherence (CC): The experimental group showed a 30% reduction in prerequisite violations
compared to the control group. The KGCD system ensured that students only advanced to new topics once they
had mastered the prerequisites, leading to a more coherent and logically structured learning experience.

3. Engagement and Retention: Students using the KGCD framework reported higher engagement levels during the
learning process. Survey results showed a 15% increase in student satisfaction in the experimental group, with
students particularly appreciating the adaptability of the curriculum to their individual progress. Additionally,
retention rates were 20% higher in the experimental group, as the system tailored the pace of learning to match the
students’ understanding.

4.2 Knowledge Gain

The average knowledge gain, as measured by pre- and post-assessment tests, was significantly higher in the
experimental group. Students in the KGCD group improved their scores by 40% on average, compared to a 20%
improvement in the control group. This suggests that the adaptive learning paths and real-time curriculum
adjustments provided by the knowledge graph framework were more effective in fostering deeper understanding
of the material.

4.3 Task Completion Time

The task completion time was also evaluated to determine how efficiently students navigated through the
curriculum. Students in the experimental group completed tasks approximately 30% faster than those in the control
group. This reduction in time was attributed to the system's ability to adjust the curriculum dynamically, ensuring
that students were not overwhelmed with advanced topics before mastering foundational concepts.

These findings suggest that the KGCD framework is an effective tool for intelligent curriculum design, offering a
scalable and data-driven solution to modern educational challenges.

To evaluate the effectiveness of the personalized curriculum, we define the following metrics:
1 Learning Efficiency (LE) : The ratio of knowledge gain to time spent, measured for each student as:

LE = Z?:l (Si(ten;)_si(tstan )) (5)

where ty, and t., represent the beginning and end of the learning session, and T is the total time spent.
2. Curriculum Coherence (CC) : A measure of how well the curriculum respects the prerequisite relationships,
computed as the number of violated prequisite dependencies divided by the total number of prerequisites:

cC=1- Violations (6)

Total Prerequisites
A violation occurs when a student attempts to learn a topic without mastering all of its prerequisites.

The experimental results clearly demonstrate the advantages of using the KGCD framework over traditional
curriculum design methods. The personalized, adaptive learning paths generated by knowledge graphs improved
learning efficiency, curriculum coherence, and student engagement. Moreover, the framework's ability to tailor
learning experiences to individual student needs resulted in faster task completion times and higher overall
knowledge gain.
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Comparison of Control vs Experimental Group Performance

E Control Group
I Expenmental Group

Scores (%) / Time {mins)

Learning Efficiency Curriculum Coherence  Engagement Knowledge Gain Task Completion Time
Performance Metrics

Figure. 1 Comparison of performance metrics between the control group and the experimental group using the
Knowledge Graph-based Curriculum Design (KGCD) system. Metrics include learning efficiency, curriculum
coherence, engagement, knowledge gain, and task completion time (where lower is better for completion time).

The bar chart illustrates the significant improvements observed in the experimental group that used the KGCD
system compared to the control group:

e Learning Efficiency: The experimental group showed a marked improvement in learning efficiency,
achieving 75% compared to 50% in the control group.

e Curriculum Coherence: The KGCD system ensured better adherence to prerequisite structures, resulting
in 85% coherence in the experimental group versus 60% in the control group.

e Engagement: Engagement levels in the experimental group reached 80%, significantly higher than the
control group’s 65%.

e Knowledge Gain: Knowledge gain in the experimental group was 90%, compared to 70% in the control
group, demonstrating the system’s ability to enhance understanding.

e Task Completion Time: The task completion time was reduced by 15% in the experimental group,
showing the system’s efficiency in guiding students through learning paths more effectively.

5. Conclusion

In this paper, we presented the Knowledge Graph-based Curriculum Design (KGCD) framework, a novel approach
to intelligent curriculum design that leverages knowledge graphs to enhance the structuring and delivery of
educational content. By modeling the interdependencies between learning concepts and dynamically adjusting
learning paths based on student progress, the KGCD system offers a scalable solution for personalized education.
The framework addresses several key challenges in modern education, including the need for adaptive learning,
efficient curriculum management, and the ability to tailor instruction to individual student needs.

The experimental results demonstrate that students who used the KGCD system experienced significant
improvements in learning efficiency, curriculum coherence, and overall knowledge gain compared to those
following a traditional static curriculum. The adaptive nature of the KGCD system, driven by real-time data and
Al, allowed for better student engagement and faster task completion times, highlighting the potential of
knowledge graphs in transforming curriculum design.

Future work will focus on expanding the KGCD framework to cover a broader range of subjects and educational
levels. Additionally, further refinements in the optimization algorithms and the incorporation of additional learning
analytics could further improve the system's effectiveness. We believe that KGCD has the potential to
revolutionize curriculum design by providing educators with intelligent tools to create more personalized,
coherent, and data-driven educational experiences for students.
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