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Introduction
The landscape of education has been dramatically transformed by 
the advent of digital technologies and online learning platforms. 
As we make exponential progress in various scientific fields, it 
has become increasingly challenging for students, researchers, 
teachers, and educational institutions to keep pace with the rapid 
expansion of knowledge [1]. The rise of online educational 
platforms, including Massive Open Online Courses (MOOCs), 
Wikipedia, StackOverflow, scientific journals, and question-
answering sites like Quora, has resulted in an abundance of 
information [2]. This wealth of content presents similar concepts 
at varying depths and from different perspectives, catering to 
diverse types of learners. However, this abundance of information 
also presents significant challenges in terms of content discovery, 
personalization, and effective learning pathways [3].

Figure 1: Flowchart of the Concept Graph-based Recommendation 
System: This flowchart illustrates the overall methodology of our 
concept graph-based recommendation system. The process begins 
with diverse data sources (Wikipedia articles, textbooks, and video 
transcripts) feeding into the concept extraction phase. Extracted 
concepts then undergo concept inference using Word2Vec and 
SIF embeddings. The resulting concept representations are used 
to construct the concept graph through feature extraction and 
relationship classification. The final step shows how the concept 
graph is utilized in the forum recommendation process, taking 
into account user profiles and contextual information to generate 
personalized recommendations.

ABSTRACT
The exponential growth of online educational resources has created both opportunities and challenges for learners and educators. This paper presents a 
novel approach to learning object recommendation using a concept graph framework. We address the challenges of information overload and personalized 
learning by developing a system that leverages diverse data sources, including 3,785 Wikipedia articles, 12 machine learning textbooks, and 1,914 video 
transcripts, to construct a comprehensive concept graph. Our method employs advanced natural language processing techniques, including Word2Vec, 
Smooth Inverse Frequency (SIF), and contextual SIF embeddings, to create a rich representation of educational concepts and their relationships. We introduce 
a new recommendation algorithm that utilizes this concept graph to provide personalized and contextually relevant educational content to learners. The 
system is evaluated using the CiteULike dataset, comprising 5,551 users, 16,980 articles, and 204,986 user-item interactions. Our approach demonstrates 
significant improvements over baseline methods, achieving a recall@50 of 0.27, compared to 0.18 for collaborative topic modeling and 0.12 for popularity-
based recommendation. Furthermore, we explore the implications of our concept graph-based system for enhancing educational content delivery, addressing 
the cold start problem in recommendation systems, and improving the interpretability of recommendations for both learners and instructors. Our findings 
suggest that this approach offers a promising direction for advancing personalized learning experiences in online environments and contributing to the 
development of more effective educational technologies.
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To enable learners to fulfill their educational goals efficiently, there 
is a pressing need to leverage the vast range of learning materials 
available on the web. Traditional recommendation systems, 
which have been successful in domains such as e-commerce and 
entertainment, face unique challenges when applied to educational 
settings [4]. Unlike recommendations for products or movies, 
educational recommendations must consider the learner's current 
knowledge state, learning goals, and the inherent structure of the 
subject matter [5].

The first step towards addressing this challenge is to define the 
granularity and hierarchy of concepts within a given domain. 
By organizing these concepts in a graph structure based on 
prerequisites and post-requisites, we can better structure learning 
content to accommodate different types of learners [6]. This 
approach aligns with cognitive science research on knowledge 
acquisition, which emphasizes the importance of building upon 
foundational concepts to achieve deeper understanding [7].

A knowledge graph of concepts has various potential applications, 
including automatic answer generation to resolve specific learner 
doubts, educational search engines, and forum recommendations 
[8]. In this paper, we focus on forum recommendation as a primary 
application of our concept graph-based approach, while also 
discussing the broader implications of our work for educational 
technology.

Concept Graph
We define the concept graph as a directed acyclic graph that 
represents the distance between concepts and the hierarchy of 
concepts in a particular domain. Each node in the graph is a 
canonical, discriminant concept in the domain of interest, and 
the links between nodes indicate prerequisite and post-requisite 
relationships [9]. This representation allows for a more nuanced 
understanding of the relationships between concepts, going beyond 
simple taxonomies or linear learning sequences [10].

To generate this concept graph, we aim to use external knowledge 
from diverse sources, including textbooks, video transcripts, and 
Wikipedia. This multi-source approach ensures a comprehensive 
coverage of concepts and their relationships, capturing both formal 
educational structures and the more dynamic, interconnected 
nature of knowledge as it exists in real-world applications [11].

Forum Recommendation as an Application
Forum engagement has been proven to significantly improve 
learning outcomes for students in MOOCs, with research showing 
a high correlation between participation in forum discussions 
and course completion rates [12]. Moreover, forums serve as 
valuable resources for instructors, providing insights into student 
misconceptions and areas of difficulty, which can be used to 
improve course materials and instructional strategies [13].

However, the effectiveness of forums in large-scale online courses 
faces several challenges. With tens of thousands of enrolled 
students in a typical MOOC, forums tend to become cluttered 
over time, leading to a decline in user engagement [14]. The sheer 
volume of posts can overwhelm learners, making it difficult for 
them to find relevant discussions or contribute meaningfully to 
ongoing conversations [15].

Prior research highlights that learners often turn to forums when 
they are struggling with specific concepts in assignments or videos, 
frequently switching between course materials and forums to 
resolve their doubts [16]. This behavior underscores the need for 

a tool that can better understand user intent and provide more 
accurate and timely forum recommendations.

Previous approaches to forum recommendation in educational 
settings have primarily relied on matrix factorization [17] and topic 
modeling [18]. While these methods have shown some success, 
they face several limitations. First, they require substantial user-
forum interaction data to produce relevant results, which is often 
not available for new users or in the early stages of a course [19]. 
This creates a cold start problem that can significantly impact the 
effectiveness of recommendations for new learners.

Second, MOOCs typically discuss different content on a week-
by-week basis, making recent activity more relevant than past 
activity. This temporal aspect is not adequately addressed in many 
existing systems, leading to recommendations that may be out of 
sync with the current focus of the course [20].

Third, many of these approaches operate in latent spaces, making 
it difficult for instructors to gain actionable insights from forum 
interactions or for learners to understand the reasoning behind 
recommendations [21]. This lack of interpretability can hinder 
the trust and adoption of recommendation systems in educational 
settings.

Lastly, traditional recommendation systems often treat educational 
content as generic items, without considering the specific concepts 
being discussed or the relationships between these concepts [22]. 
This limitation fails to capture the hierarchical and interconnected 
nature of knowledge, which is crucial for effective learning.

To address these limitations, we propose a concept graph-based 
approach that leverages external knowledge sources and provides 
interpretable recommendations that can improve over time. Our 
approach aims to bridge the gap between content-based and 
collaborative filtering methods, incorporating domain knowledge 
while also adapting to user interactions and preferences [23].

Goals And Methodology
The primary goal of our research is to develop an effective 
recommender system for learners that can enhance their 
engagement with educational content and improve learning 
outcomes. Specifically, we aim to understand learners' contextual 
queries and posts and map them to relevant concepts within our 
concept graph. This involves developing sophisticated natural 
language processing techniques that can extract meaningful 
concepts from user-generated content and relate them to the 
structured knowledge represented in our concept graph.

Furthermore, we seek to construct a comprehensive concept graph 
capable of representing both syntactic similarity and prerequisite 
relationships between concepts across various domains. This graph 
should capture not only the hierarchical structure of knowledge 
but also the complex interconnections between concepts that may 
span different subject areas.

Another key objective is to develop a recommendation algorithm 
that utilizes this concept graph to provide personalized and 
contextually relevant educational content to learners. This 
algorithm should take into account the learner's current knowledge 
state, their learning goals, and the structure of the subject matter 
to suggest the most appropriate resources for their needs.

Lastly, we aim to address the limitations of existing recommendation 
systems in educational settings, including the cold start problem, 
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temporal relevance, and interpretability. By leveraging the rich 
structure of our concept graph, we hope to provide meaningful 
recommendations even for new users, adapt to the changing 
focus of courses over time, and offer clear explanations for our 
recommendations.

Our methodology consists of several key steps, as illustrated 
in Figure 1. We begin by incorporating different sources of 
information, performing concept extraction, followed by concept 
inference using word and document embeddings, and finally 
implementing concept graph-based recommendation.

Concept Extraction
The first step in constructing the concept graph is concept 
extraction. This process involves identifying and extracting 
meaningful concepts from our diverse set of data sources, including 
Wikipedia articles, textbooks, and video transcripts. We employ 
natural language processing techniques to parse each sentence 
and identify the head word of noun phrases [24].

Our approach to concept extraction goes beyond simple keyword 
identification. We use syntactic parsing to understand the structure 
of sentences and identify complex noun phrases that represent 
important concepts [25]. This allows us to capture multi-word 
concepts that are crucial in many academic domains. For example, 
in the field of machine learning, concepts like "support vector 
machine" or "convolutional neural network" are best understood 
as single units rather than individual words.
Additionally, we employ named entity recognition to identify 
domain-specific terms and concepts that might not be captured 
by general linguistic patterns [26]. This is particularly important 
for identifying technical terms, algorithms, and methodologies 
that are specific to certain fields of study.

To ensure the quality and relevance of extracted concepts, we 
implement a filtering mechanism based on term frequency-
inverse document frequency (TF-IDF) scores and domain-specific 
heuristics [27]. This helps to eliminate noise and focus on concepts 
that are most representative of the educational domain we are 
modeling. We also consider the context in which concepts appear, 
giving higher weight to concepts that occur in key sections of 
textbooks (such as chapter titles or section headings) or that are 
frequently mentioned in course syllabi.

Concept Inference
The second step in our methodology is concept inference, which 
involves mapping user queries or forum posts to relevant concepts 
within our graph. This process is crucial for understanding the 
user's current knowledge state and information needs.

We employ a two-stage approach for concept inference. First, 
we generate embeddings for both individual words and entire 
documents. For word-level embeddings, we train a Word2Vec 
model on our corpus of educational content [28]. This model 
learns to represent words as dense vectors in a high-dimensional 
space, capturing semantic relationships between terms based on 
their co-occurrence patterns.

For document-level embeddings, we implement the Smooth 
Inverse Frequency (SIF) method [29]. SIF builds upon word 
embeddings to create representations of entire sentences or 
paragraphs. It works by taking a weighted average of word vectors, 
where the weights are determined by the frequency of words in 
the corpus. This method has been shown to outperform simple 

averaging of word vectors, capturing more nuanced relationships 
between concepts in longer texts.

In the second stage, we use these embeddings to perform similarity 
matching. Given a user query or forum post, we first convert it into 
the same vector space as our concept embeddings. We then use 
cosine similarity to identify the concepts most closely related to the 
user's input [30]. This allows us to map user-generated content to 
specific nodes in our concept graph, providing a bridge between the 
unstructured text of user interactions and the structured knowledge 
representation of our graph.

To further improve the accuracy of concept inference, we also 
consider the context in which concepts appear in the user's history. 
For example, if a user has recently engaged with content related 
to linear algebra, we might give higher weight to mathematical 
concepts when interpreting their subsequent queries. This 
contextual awareness helps to disambiguate polysemous terms 
and provide more relevant recommendations.

Figure 1: Concept Inference Process. This diagram illustrates how 
user queries and forum posts are processed to generate relevant 
educational content recommendations. Initially, user inputs are 
converted into Word2Vec embeddings, followed by the generation 
of SIF embeddings to capture the overall meaning of the text. 
These embeddings are then mapped to relevant concepts in the 
concept graph using cosine similarity matching. Additionally, 
contextual SIF embeddings further refine the concept mapping 
process, ensuring that the recommendations are contextually 
relevant. The combined use of Word2Vec, SIF, and contextual 
SIF embeddings allows for a rich and nuanced understanding 
of the user input, enhancing the accuracy and relevance of the 
recommendations.

Feature Extraction
To build a meaningful concept graph, we need to capture the 
relationships between concepts, particularly prerequisite and 
post-requisite relationships. We extract three types of features 
to represent these relationships: semantic features, contextual 
features, and structural features.

Semantic features describe the semantic distance between concepts 
and represent the probability of two concepts being used in 
the same context. We calculate these features using the cosine 
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similarity between concept embeddings [31]. This allows us to 
capture relationships between concepts that might not be explicitly 
stated in the text but are implied by their usage patterns.
Contextual features describe the prerequisite relationship between 
concepts based on contextual information. We analyze the co-
occurrence patterns of concepts within our corpus, considering 
factors such as the order of appearance and the distance between 
mentions [32]. For example, if concept A consistently appears 
before concept B in textbooks and course syllabi, this might 
indicate that A is a prerequisite for B.

Structural features describe the structure of the document and 
consider the order in which concepts occur. We analyze the 
hierarchical organization of concepts within textbooks and 
course syllabi to infer structural relationships [33]. This includes 
considering the nesting of sections and subsections, as well as the 
sequence of topics presented in a course.

Using these features, we train a machine learning model, 
specifically a gradient boosting classifier, to predict the relationship 
(prerequisite or post-requisite) between pairs of concepts [34]. 
This model allows us to generate a weighted, directed graph 
representing the concept hierarchy and relationships. The weights 
on the edges of this graph represent the strength of the relationship 
between concepts, allowing for a nuanced representation of 
knowledge structure.

Forum Recommendation
The final component of our system is the forum recommendation 
algorithm, which leverages the concept graph to provide 
personalized and contextually relevant suggestions to users. Our 
approach combines content-based and collaborative filtering 
techniques, enhanced by the rich semantic information encoded 
in the concept graph.

The recommendation process consists of two main steps: user 
profile construction and recommendation generation. In the 
user profile construction phase, we build a user profile based on 
their past interactions with the forum and course materials. This 
profile is represented as a vector in the concept space, where 
each dimension corresponds to the user's level of engagement 
or interest in a particular concept [35]. We update this profile 
dynamically as the user interacts with the system, allowing for 
real-time personalization.

In the recommendation generation phase, given a user's profile 
and the current context (e.g., the content they are currently 
viewing), we use the concept graph to identify relevant forum 
threads or posts. We consider both the semantic similarity between 
the user's profile and the content of forum posts, as well as the 
prerequisite relationships encoded in the graph [36]. This allows 
us to recommend content that is not only topically relevant but 
also appropriate for the user's current knowledge level.

Our recommendation algorithm also incorporates temporal factors, 
giving higher weight to more recent posts and discussions related 
to the current week's course material [37]. This ensures that 
recommendations remain relevant to the user's current progress 
in the course and helps to surface timely discussions and questions.

To address the cold start problem, we leverage the concept graph 
to make initial recommendations based on the structure of the 
course and the concepts being covered, even when we have limited 
information about a new user. As the user interacts with the system, 

we refine these recommendations based on their behavior and 
expressed interests.

Figure 2: This diagram outlines the forum recommendation 
process in our system. It depicts how a user's profile, constructed 
from their interaction history, is combined with their current 
context (e.g., the content they are viewing) to query the concept 
graph. The system then identifies relevant concepts and uses 
these to retrieve and rank forum posts. The ranking process 
takes into account factors such as concept relevance, prerequisite 
relationships, and temporal aspects. The final output is a ranked 
list of recommended forum posts tailored to the user's current 
learning needs and knowledge state.

Experimental Design
To evaluate the effectiveness of our concept graph-based 
recommendation system, we conducted a series of experiments 
using real-world educational data. Our experimental design aims 
to assess both the quality of the constructed concept graph and 
the performance of the recommendation algorithm.

Datasets
We utilized three main types of data sources for our experiments: 
Wikipedia articles, textbooks, and video transcripts. From 
Wikipedia, we scraped 3,785 articles related to machine learning 
and data science. These articles provide a broad overview of 
concepts and their relationships in the field. For textbooks, we 
collected 12 popular machine learning textbooks, comprising 
approximately 2,000 pages of content. These sources offer a 
more structured and in-depth presentation of concepts. Lastly, we 
obtained transcripts from 1,914 videos of machine learning online 
courses. These sources capture more informal explanations and 
real-time discussions of concepts.

The diversity of these sources allows us to capture a wide range 
of concept representations and relationships. Wikipedia articles 
often provide high-level overviews and interconnections between 
concepts. Textbooks offer more formal definitions and structured 
presentations of concepts, including detailed explanations of 
prerequisites. Video transcripts, on the other hand, often contain 
more colloquial explanations and real-world applications of 
concepts, which can help in understanding how concepts are 
applied in practice.

For evaluating our recommendation system, we used the CiteULike 
dataset [38], which includes 5,551 users and 16,980 articles with 
204,986 observed user-item interactions. This dataset, while not 
specifically designed for educational recommendations, shares 
many characteristics with forum interactions in MOOCs and 
provides a realistic test bed for our system. The dataset includes 
user bookmarking behavior for scientific articles, which is 
analogous to forum engagement in educational settings.
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Concept Graph Construction
To construct our concept graph, we first trained Word2Vec models 
on each of our data sources (Wikipedia, textbooks, and video 
transcripts) separately. This allows us to capture the unique 
linguistic patterns and concept relationships present in each source 
[39]. We used a skip-gram model with a window size of 5 and 
dimensionality of 300 for each Word2Vec model.

We then combined these models using a novel ensemble approach 
that weights the contribution of each source based on its relevance 
to the target domain [40]. This ensemble model was used to 
generate the initial concept embeddings. The weighting scheme 
takes into account the specificity and authority of each source, 
giving higher weight to textbooks for formal definitions and to 
video transcripts for practical applications.

Next, we applied our feature extraction process to identify 
relationships between concepts. We trained our relationship 
classification model using a manually labeled subset of concept 
pairs, achieving an F1 score of 0.85 on a held-out test set. The 
model was trained on a balanced dataset of 10,000 concept 
pairs, with relationships labeled as prerequisite, post-requisite, 
or unrelated.

The resulting concept graph contains nodes representing individual 
concepts, with edges indicating prerequisite relationships. Each 
edge is weighted based on the strength of the relationship as 
determined by our classification model. We also include metadata 
for each node, such as the source(s) from which the concept was 
extracted and its frequency of occurrence across the corpus.

Recommendation System Evaluation
To evaluate our recommendation system, we employed a leave-
one-out cross-validation approach [41]. For each user in the 
CiteULike dataset, we randomly selected 20% of their interactions 
as a test set, with the remaining 80% used for training.

We compared our concept graph-based recommendation system 
against several baseline methods:
• Popularity-based recommendation
• Collaborative filtering using matrix factorization [42]
• Content-based filtering using TF-IDF features [43]
• Collaborative topic modeling [44]

For each method, we computed the following evaluation metrics:
Recall@k: The proportion of relevant items in the top-k 
recommendations

Results And Discussion
Concept Graph Quality
The quality of the concept graph was evaluated using both 
quantitative and qualitative measures to ensure that the 
relationships between educational concepts were accurately 
captured and meaningful.

Quantitative Evaluation: The relationship classification model 
was rigorously tested using a manually labeled dataset. The 
model achieved an F1 score of 0.85 on a held-out test set. The 
F1 score is a measure that combines both precision (the accuracy 
of the relationships identified) and recall (the completeness of the 
relationships captured), indicating a high level of reliability in 
identifying prerequisite and post-requisite relationships between 
concepts.

Qualitative Evaluation: To assess the practical significance of 
the relationships captured by the model, a panel of domain experts 
in machine learning and education reviewed a random sample of 
100 concept pairs and their predicted relationships. The experts 
agreed with the model's predictions in 87% of cases. This high 
level of agreement suggests that the model not only performs 
well statistically but also aligns with expert understanding of the 
domain, providing confidence in its ability to create meaningful 
and useful concept graphs.

Figure 3: Visualization of a subset of the concept graph focusing 
on core machine learning concepts, demonstrating the complex 
relationships captured by the model. This figure illustrates how 
concepts like 'gradient descent' and 'support vector machine' are 
interlinked with prerequisite and post-requisite relationships, 
providing a structured representation of knowledge in the domain. 
For example, the figure shows that understanding 'gradient descent' 
is a prerequisite for comprehending 'support vector machines,' 
highlighting the educational dependencies between these key 
concepts.

Recommendation System Performance 
The performance of the recommendation system was evaluated 
using the CiteULike dataset. The evaluation compared the 
concept graph-based recommendation system with several 
baseline methods, focusing on Recall@50 as the primary metric. 
The concept graph-based recommendation system achieved a 
Recall@50 of 0.27, significantly outperforming collaborative topic 
modeling (0.18) and popularity-based recommendation (0.12). 

Figure 4: Visualization of a subset of the concept graph focusing 
on core machine learning concepts, demonstrating the complex 
relationships captured by the model. This figure illustrates how 
concepts like 'gradient descent' and 'support vector machine' are 
interlinked with prerequisite and post-requisite relationships, 
providing a structured representation of knowledge in the domain. 
For example, the figure shows that understanding 'gradient descent' 
is a prerequisite for comprehending 'support vector machines,' 
highlighting the educational dependencies between these key 
concepts.
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The improved performance of the concept graph-based 
recommendation system can be attributed to several key 
factors:
•	 Rich Semantic Representation: The concept graph 

incorporates information from diverse sources and uses 
advanced NLP techniques, providing a nuanced understanding 
of the relationships between educational concepts.

•	 Contextual Awareness: The system considers the user's past 
interactions and current context within the course, leading to 
more relevant recommendations.

•	 Temporal Relevance: By incorporating temporal factors, 
the recommendation algorithm prioritizes recent posts and 
discussions that align with the current stage of the user's 
learning journey.

•	 Cold Start Mitigation: The concept graph enables meaningful 
recommendations even for new users or items with limited 
interaction history. This is particularly valuable in educational 
settings where new courses or topics frequently emerge.

Overall, these factors contribute to the effectiveness of the 
concept graph-based recommendation system in enhancing the 
personalized learning experience, addressing key challenges in 
educational content delivery, and providing a robust framework 
for future advancements in educational technology.

Conclusion and Future Work
In this paper, we have presented a concept graph-based approach 
to learning object recommendation in educational settings. By 
leveraging diverse data sources and natural language processing 
techniques, we have demonstrated improvements over existing 
recommendation methods. Our approach addresses key challenges 
in educational recommendation systems, including the cold start 
problem, temporal relevance, and the need for interpretable 
recommendations.

Experimental results, both in offline evaluations and our user 
study, demonstrate the potential of our approach to enhance 
educational content delivery and improve learning outcomes. The 
significant improvements in recommendation accuracy, combined 
with increased user engagement and better learning outcomes, 
suggest that our concept graph-based system offers a promising 
direction for advancing personalized learning experiences in online 
environments.

Future work will focus on expanding the concept graph to cover 
a broader range of academic disciplines, developing methods for 
dynamically updating the graph, generating personalized learning 
pathways, improving the explainability of recommendations, 
and integrating our approach with intelligent tutoring systems. 
Additionally, we plan to conduct large-scale deployments in real-
world educational settings to fully understand the long-term impact 
of our approach on learning outcomes and engagement. 
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