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Abstract 

With the rapid expansion of MOOCs, learners face increasing challenges due to 

information overload and data fragmentation across multiple platforms. Traditional 

recommendation systems rely on keyword matching, failing to capture complex semantic 

relations between courses, skills, and learner goals. This paper details the development 

and use of a Smart MOOC Learning Assistant, a hybrid semantic recommender system 

developed with data coming from four different Learning Management Systems: 

Coursera.com, Udemy.com, Edx.org and the Kurdish Education Platform, comprising 

over 5000 MOOCs. The OWL ontology (designed using Protégé) serves as the foundation 

for the smart assistant and defines how all entities within the domain relate to each other. 

A combination of the Flask framework and the RDFLib library provides the architecture 

for executing SPARQL queries to provide context-sensitive results. To provide for more 

flexibility in matching natural language query variations, Levenshtein-based fuzzy 

matching has been used. The Smart MOOC Learning Assistant also implements a hybrid 

approach to recommendation, by incorporating a collaborative feedback loop 

(liking/disliking) which refines the ranking mechanism and removes the "cold-start" 

effect. The system architecture is characterized by a clear distinction between retrieval 

(filtering relevant courses via SPARQL), recommendation (semantic planning based on 

educational relationships), and ranking (ranking the results using hybrid social-semantic 

scores).Evaluation of the Smart MOOC Learning Assistant shows outstanding results 

with accuracy at 0.984, precision at 0.984, recall at 1.0, and F1-score at 0.99. This 

demonstrates that combining semantic-driven approaches with datasets from multiple 

sources can significantly reduce retrieval noise by providing highly relevant personalized 

digital learning.  

Keyword: Web Ontology Language (OWL); Hybrid Recommender System (HRS); 

SPARQL; Semantic Web; ODHSRS; and MOOC. 

 

1. Introduction 

The learners in the MOOCs are faced with the challenges of information overload and data fragmentation, which 

arise from the growing variety of available courses. The variety of evidence on the learners’ progress, which is scattered 

across different unintegrated data components, makes it difficult to understand the learners’ knowledge state and 

difficulties [1]. There is, therefore, a pressing need to make a significant shift towards the use of effective adaptive 
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recommendation systems that can successfully handle aggregated multi-source information [2]. The available solutions 

involved the use of a smart learning assistant, which can be achieved through the use of a hybrid semantic-based 

recommendation system to overcome the limitations of collaborative filtering and other content-based filtering 

approaches [3]. The depended assistant achieved through the use of Semantic Reasoning models, which can be effective 

in handling complex relationships between different courses and skill sets [4]. It personalizes the recommendations 

based on the user's intention or goals by making a distinction between goals such as professional advancement and 

hobbies; hence, it provides a personalized recommendation within the constantly changing MOOC environment [5]. 

Current research emphasizes the importance of an integrated methodology in the deployment of advanced hybrid 

recommenders for MOOCs, with a focus on the benefits of increased prediction accuracy and diversity through the use 

of behavioral and content-based signals. The use of dialog-based assistants in personal learning emphasizes the benefits 

of the recommenders in the context of providing learning recommendations and interacting with the user. A detailed 

multi-platform data integration and a semantic hybrid approach addressed that aims to track the preference drift of 

learners while improving the relevance, transparency, and adaptability of learning recommendations [6],[7]. The e-

learning recommendation scene has been significantly shaped by various methodological advancements. Recent studies 

have focused on developing intelligent web platforms specifically designed for rural social e-learning environments. 

[8], while others explore personalized MOOC recommendation frameworks in the context of smart education supported 

by the Internet of Things [9]. Furthermore, the role of emotion-aware systems in enhancing learner engagement has 

been emphasized [10], alongside the importance of self-directed learning interventions [11]. Together, these works 

emphasize the shift from filtering based on fixed keywords towards more adaptive, context-aware, and socially 

integrated recommendation structures. 

The proposed ontology-driven semantic hybrid recommendation system (ODHSRS) addresses learners' 

intermittent behavior and constantly changing goals by integrating different interactions into a hybrid recommendation 

system. This approach provides a comprehensive profile of learners' abilities and uses it to generate skill-based 

recommendations with explanations. Furthermore, the system ensures adaptability while remaining transparent and 

reliable throughout the learning process. This paper discusses the technical aspects required to make personalized 

learning in Massive Open Online Courses (MOOCs) a reality, including data connectors for input unification, the design 

of the semantic layer architecture, and the algorithm for tracking learners' preferences through intention alignment. 

Finally, the paper explains the details of implementation and evaluation to determine the impact on the learning 

process. 

2. Related Work 

[12] created a hybrid recommendation system which combines multi-dimensional behavioral information (such as 

user clickstream data) with sentiment analysis of user text reviews; they called this approach a multi-modal 

recommendation system (MMRS). The hybrid recommendation system resolved many algorithmic problems (such as 

the cold start problem, or not having enough data points to create accurate recommendations) while producing 

granular, personalized course recommendation output. The hybrid recommendation system had an excellent level of 

performance based on experimental validation; as well as significant improvements in overall user satisfaction and a 

98% match and similarity between explicitly rated courses by a user and the preferences stated in textual comments 

provided by that same user. 

[13] developed a framework called E-SWT, which utilizes ontologies, metadata tagging, and automated reasoning 

to improve both the efficiency of an organization and the outcomes of their learning initiatives. The E-SWT frame-work 

addresses two important issues; namely, (1) data fragmentation; and, (2) fixed learning paths, by providing an approach 

to enable interoperability among platforms and enable adaptive content delivery. The experimental re-sults 

demonstrated that there was a substantial increase in the learning experience ratio by 96.12% and an increase in 

personalized learning paths by 96.66% compared to the previous models. 

[14] introduced a content-based recommendation system (CBRS) for Coursera that uses Semantic Web and on-

tology technologies. The paper showed that the system provides tailored education paths using a domain-specific 

ontology built using real-world data extracted from over 1,000 Coursera courses. The results showed exceptional 

effectiveness in recommending appropriate MOOC content, attaining a precision of 0.98% and an accuracy of 0.98%. 

[15] created an Intelligent Content-Based Recommendation System (ICRS) that uses deep learning techniques in 

combination with semantic analysis of e-content. The paper showed that the system uses representative terms ex-tracted 



Dasinya Journal for Engineering and Informatics. 2026, 2, 20. 3 of 15 
 

 

from content using a deep learning approach. It also uses the ConceptNet semantic network to expand the extracted 

terms. The resulting structure forms a semantic matrix that can be used for content-based recommenda-tion. From the 

models tested in the paper, an augmented deep learning model named LSTMM attained higher ac-curacy (0.8453) and 

higher F1 score (0.7731) in comparison to other machine learning classifiers. 

[16] focused on "people-centered learning" for rural areas, aims to provide a social e-learning solution that will be 

empowered by intelligent web technologies, including article search, friendship recommendations, and document 

classification. The system will utilize the Page Rank method for document relevance and ROCK clustering algo-rithm 

for social friendship recommendations. The researchers tested different classifiers for resource classification, 

particularly for subjects such as agriculture and fisheries, and concluded that the neural network approach was the 

most effective, with an accuracy of 95.2%. 

[17] investigated a personalized course recommendation system that will greatly enhance e-learning environ-

ments through the application of ML and CF techniques. The system used data from students to build a statistical profile 

of each student, using information such as their academic background, the nature of their learning style, and their areas 

of interest as well as data collected from the use of other education delivery channels such as Coursera and Udemy. 

After analyzing this data, the researchers were able to create 20 curated courses to recommend to the students, with the 

use of these methods achieving a total engagement rate of greater than 86%. The study demon-strated the importance 

of using personalized recommendation systems to improve learning outcomes and the sat-isfaction of students through 

advanced education technologies. 

[18] addressed the use of a variety of machine-learning applications in the online-learning environment was 

evaluated to identify particular characteristics of learners. Particularities characterized by three factors: duration of 

session, frequency of sessions, and interaction with the platform. These factors were used to predict learners' pre-ferred 

course types with an accuracy of 70%. The model's recommendations led to increased course durations (30% more 

compared to previous cohorts) and increased completion rates (30% increase compared). Different models (Random 

Forests and Logistic Regression) were tested and were used to evaluate the learners, but researchers con-cluded that 

there are still a number of significant issues with relying on existing models due to both model inter-pretability and 

completeness of the data. Given these challenges, the authors encourage the development of more flexible models in 

the future for improved visualization. 

[19] focused on advanced AI models (+Mistral-7B-Instruct-v0.2, GPT-4 ChatGPT) created a multilingual course 

recommendation system that recommended personalized courses based on the user's interests and competencies. The 

system matched the user's interests and competencies, optimizing the recommendations. The authors utilized a hybrid 

model by leveraging collaborative filtering, content-based filtering, augmented with AI, to create personal-ized 

recommendations for each user. As a result, the personalized course recommendations provided enhanced learning 

experiences, especially via the personalized course trajectories that were created to support each and every learner’s 

individual needs. 

3. Methodology 

The following section describes the systematic methodology that has been adopted for the design and 

implementation of the Hybrid Smart MOOC Learning Assistant. The methodology has been divided into five different 

stages, namely, multi-platform data acquisition, semantic preprocessing, ontological modeling, hybrid 

recommendation logic, and system implementation. 

3.1 Data Collection  

In order to create a diverse and comprehensive knowledge base, aggregated educational content was collected 

from three unique sources: global Massive Open Online Courses (MOOC) platforms like Coursera (nearly 3000 courses), 

Udemy (over 1000 courses), EdX (over 1500 courses), and localized Kurdish E-Learning resources (about 100 course). 

However, as total depended courses will (over 5,600 courses) and (over 15,000 triples). 

• Automated Web Scraping: The web scraping approach used is high-fidelity. This is achieved through the use of 

Selenium’s WebDriver along with undetected_chromedriver to evade anti-bot mechanisms. 
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• Feature Extraction: The web scraper was designed to scrape particular metadata that are vital in creating a semantic 

web. This includes Course Titles, Instructor Identities like hasInstructor, Science Categories like ScienceCategory, 

as well as enrollment metrics. 

• Storage Architecture: Initially, the collected data was stored in a MongoDB NoSQL database u3.h_3 to ensure the 

integrity of the semi-structured data attributes. For the application layer, SQLite database files users.db and 

metrics.db were used to store user data and metrics. 

3.2 Data Preprocessing and Refinement 

Inconsistencies are present in the raw datasets that affect the recommendation system's accuracy. A preprocessing 

pipeline was created in Python with the Pandas library that included the following operations: 

• Lexical Normalization: Textual columns were converted to lowercase and whitespace was removed. 

• Numerical Standardization: Regular Expressions were used to remove non-numerical characters from the price 

and rating columns, thus standardizing the values (for example, converting "Free" or "$49.90" to a standardized 

form) 

• Deduplication: To handle courses available on multiple platforms, a normalization pipeline has been implemented. 

If the course title and instructor are identical across different sources, they are treated as a single entity within the 

ontology using a unique hash identifier. This prevents duplicate recommendations and ensures data integrity by 

merging duplicate copies into a single entry within the ontology to ensure a smooth recommendation process. 

 

Figure1: Data Collection and Preprocessing Workflow. 

3.3 Semantic Ontology Design and Modeling 

Using the Web Ontology Language (OWL) with Protégé and Owlready2, a formal knowledge representation was 

created to allow machines to perform reasoning. The formal structure of the MOOC assistant is achieved through a 

hierarchical structure of classes, data properties, and object properties as represented in Protégé. This allows each course 

to have a strict set of pedagogical and administrative attributes. 

• Class Hierarchy: In the ontology represented in 3platform1.owl, a set of core classes is introduced, including 

schema1: Course, ex:University, ex:Instructor, and ex:Platform. As represented in Figure 2, the Course entity is 

designated as a primary class, which allows localized Kurdish courses to be classified with international 

equivalents. 

• Data Properties: Quantified properties are assigned to a course to identify specific properties. These include 

ex:hasPrice, ex:hasRate, and ex:hasDurationWeeks, as represented in the Data Property Hierarchy. 

• Object Properties: Semantic connections are used to identify relationships between entities, which are essential in 

intelligent retrieval. For example, ex:offeredByPlatform and ex:belongsToCategory are used to link a subject with 

a science taxonomy.  
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Figure 2: Protégé Interface showing Class, Data Property, and Object Property Hierarchies. 

To demonstrate the interconnectivity among the educational entities, an OntoGraf model was built to represent 

the relationships between the courses and the associated metadata (see Figure 3). As the visualization indicates, the 

ontology extends beyond the concept of flat data to create a network of knowledge where a single Course is semantically 

related to its Instructor, University, and ScienceCategory. 

 

Figure 3: OntoGraf Visualization of Semantic Relationships for the Course Class. 
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The knowledge graph was serialized using Turtle (TTL) and RDF/XML formats, denoted as 3platform.owl. This 

established a foundation for SPARQL queries and hybrid recommendation logic. The final ontology (3platform1.owl) 

contains 6 main categories and 12 total properties (5 object properties and 7 data properties). This structure supports 

more than 15,000 semantic triples, ensuring that the assistant can perform deep reasoning across different platforms. 

3.4 Proposed ODHSRS Hybrid Recommendation System  

The key component of the Smart MOOC Learning Assistant is the Ontology-Driven Hybrid Semantic 

Recommender System (ODHSRS). This system was developed with the aim of addressing the problem of information 

overwhelm, which is common in digital education. Information overwhelm occurs due to the numerous digital 

platforms that offer educational resources, such as Coursera, Udemy, EdX, and those that offer content in the Kurdish 

language. The implementation of the system was done using a hybrid reasoning model that combines the precision of 

semantic modeling with the performance-driven and popularity-based insights obtained from social feedback The 

hybrid ranking mechanism utilizes a weighted scoring system: Total Score: (0.7×Semantic Match )+ (0.3×Social 

Feedback) 

To address the cold-start problem, new courses with no prior likes are assigned 100% . The system includes a 

Hybrid Recommendation Engine that combines semantic relationships defined within the ontology with the user 

behavior observed in real-time.  

3.4.1 Content-Based Filtering (CBF) 

• Semantic Mapping: User preferences are mapped to the ontology’s classes. For instance, if the user wishes to see 

“Beginner” level courses in “Information Technology,” the ex:level and ex:belongsToCategory properties are used. 

• Inference Engine: Using SPARQL query execution, the system retrieves courses that strictly match the user’s 

preferred level, category, and language, thus overcoming the Cold Start issue for new courses. 

3.4.2 Social Collaborative Filtering (SCF) 

• User-Item Interaction: The system captures real-time user feedback using the index.html interface, where users 

can “Like” or “Dislike” the recommended content.  

• Data Persistence: User interaction data is stored in the metrics.db file with appropriate timestamps.  

• Peer-Based Discovery: The engine processes the database to identify “Top Liked” courses. By analyzing the 

database, if users with similar profiles frequently “Like” a specific course, the engine improves the ranking of 

the course for other users in the same cluster, thus facilitating the discovery of popular content. 

 

Figure 4: Hybrid Recommendation System Architecture. 
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3.5 Implementation of the Proposed ODHSRS Architecture and User Interface 

This section covers the implementation steps of the proposed ODHSRS, which includes: User Management, 

Interactive Explorer, and Admin Dashboard. 

3.5.1 Technical Environment and Specifications 

To ensure the reproducibility of experimental results and provide a benchmark for system performance, ODHSRS 

was implemented and tested within a controlled technical environment. The backend architecture was hosted on a 

server with an Intel Core i5-10700K CPU at 3.80 GHz and 16 GB of DDR4 RAM, running Ubuntu 20.04 LTS. The software 

stack used Python 3.9 as the main programming language, with Flask 2.0.1 managing the web framework and RDFLib 

6.0.2 handling SPARQL query execution. This configuration enabled the system to maintain response times of less than 

a second even when performing complex semantic inference over more than 15,000 triples in the knowledge base. 

• User Management: As shown in Figure 5, the system has user registration (register.html) and authentication 

(login.html) modules. These modules allow the user to provide their “Research Interests,” which are then 

programmatically linked to the ex:ScienceCategory of the OWL ontology. This ensures that the user profile is 

quickly matched with the appropriate pedagogical resources by the recommendation system. 

 

Figure 5: User Registration and Login Interface for Semantic Profiling. 

• Interactive Explorer: The main point to interact between the users and the Hybrid Engine is through the index.html 

interface, defined in Figure 6. An Advanced Search functionality is available through this module to allow users 

the ability to filter by Category, Keyword and University/Instructor as registered in the ontology. The interface will 

render the retrieved Course Cards with their associated metadata (level, length of study, price) and collect user 

feedback through "Like" and "Dislike" when used, so the Social Collaborative Filtering (SCF) process can be 

enabled. 

 

Figure 6: The Interactive Explorer Interface for Semantic Course Retrieval and User Feedback Collection. 
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• Admin Dashboard (admin.html): Figure 7 depicts a dashboard view of the live metrics of the engine’s performance. 

Through a precise alignment of user interests, the system is able to display live analytics for Accuracy, Precision, 

Recall, and F1-Score. As depicted in the metrics, the system’s performance profile approaches 100% in all key 

metrics, thereby validating the efficacy of the proposed Ontology-Driven Hybrid Semantic Recommender System 

(ODHSRS). 

 

Figure 7: The Admin Dashboard Interface displaying Real-Time Recommendation Engine Metrics. 

3.6 Experimental Results 

An empirical assessment of the proposed semantic-based recommendation system was performed to ascertain the 

capability of the proposed approach to effectively provide accurate and relevant learning resources to the user. The 

Ground Truth for this evaluation was established through a manual labeling process where educational experts pre-

categorized 500 courses to serve as the gold standard. A recommendation was considered correct only if it aligned with 

the expert-defined category and skill level. This section highlights the measures adopted to evaluate the proposed 

approach and includes a comparative analysis of the assessment carried out on three scales of testing, i.e., Test A, Test 

B and Test C. 

3.6.1 System Testing Evaluation Approach 

   The assessment of the proposed approach focuses on four key performance measures, which are defined as follows: 

1. Precision: For the overall set of resources proposed by the model, the proportion of correct recommendations that 

correspond to resources of true interest to the learner is defined as the precision of the model. It can be calculated 

as:  

Precision =
𝑇𝑃

(𝑇𝑃+𝐹𝑃)
   (1). 

2. Recall: Recall defines the proportion of true positives that the model accurately predicts in comparison to the 

overall set of true positives that should have been predicted by the model. It can be calculated as:                                                 

Recall =
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
   (2) 

3. F1-Score: For systems that involve class imbalance, the F1-Score is defined as the harmonic average of the precision 

and recall of the model, which can be calculated as: 

F1 Score= 
2  (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×  𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙)
   (3). 

4. Accuracy: The overall correctness of the model can be defined as the proportion of the overall set of correct 

predictions, including true positives and true negatives that the model accurately predicts. It can be calculated as:             

Accuracy= 
(𝑇𝑃+𝑇𝑁)

(𝑇𝑃+𝐹𝑁+𝑇𝑁+𝐹𝑃)
    (4). 

3.6.2 Experiences of Those Who Have Tested This System 

• Test A: Initial Baseline Performance: 

In the initial phase of the test, the system was given a request for 30 recommended courses of over 5000 courses. 

The recommendation system provided a list of recommended courses. Out of the recommended courses, 29 courses 

were relevant, but one was not. 

TP (True Positives): 29 
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FP (False Positives): 1 

FN (False Negatives): 0 

TN: (True Negatives):0 

Precision=
29

29+1
= 0.966 

Recall= 
29

29+0
= 1 

F1 Score= 
2(0.966× 1)

(0.966+1)
= 0.982 

Accuracy=  
(29+0)

(29+0+0+1)
= 0.966 

Table 1. Analyses Results for Test (A). 

 

Figure 8. Performance Metrics for Test (A). 

• Test B: Robustness and Scalability Evaluation: 

The scope of testing was expanded to evaluate the robustness and accuracy of the recommendation system over a 

large set of data. To be precise, 50 courses were randomly selected from Coursera, Udemy, Edx, and Kurdish to test the 

effectiveness of the recommendation system. Of these, 49 were found to be relevant to user preferences, while 1 were 

found to be irrelevant. 

TP (True Positives): 49 

FP (False Positives): 1 

FN (False Negatives): 0 

TN: (True Negatives):0 

Precision=
49

49+1
= 0.98 

0.94

0.95

0.96

0.97

0.98

0.99

1

1.01

Precision Recall F1 Score Accuracy

Metric Result 

Precision 0.966 

Recall 1 

F1 Score 0.982 

Accuracy 0.966 
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Recall= 
49

49+0
= 1 

F1 Score= 
2(0.98× 1)

(0.98+1)
= 0.989 

Accuracy=  
(49+0)

(49+0+0+1)
= 0.98 

Table 2. Analyses Results for Test (B). 

Metric Result 

Precision 0.98 

Recall 1 

F1 Score 0.989 

Accuracy 0.98 

 

Figure 9. Performance Metrics for Test (B). 

• Test C: High-Volume Performance and Stability: 

The purpose of this evaluation was to evaluate the system reliability when handling very high volumes of 

transactions. To that end, we created a test set containing 500 unique coursed and ran a series of tests to determine 

whether or not the outcome of the hybrid recommendation algorithm is still highly accurate even when testing with a 

significantly larger dataset than had previously been tested. Of the 500 results retrieved from this evaluation, 492 

retrieved were relevant, while 8 were considered to be irrelevant. 

TP (True Positives): 492 

FP (False Positives): 8 

FN (False Negatives): 0 

TN (True Negatives): 0 

Precision=
492

492+8
= 0.984 

Recall= 
492

492+0
= 1 

F1 Score= 
2(0.984× 1)

(0.984+1)
= 0.99 

Accuracy=  
(492+0)

(492+0+0+8)
= 0.984 

0.98

1

0.989

0.98

Precision

Recall

F1 Score

Accuracy

0.97 0.975 0.98 0.985 0.99 0.995 1 1.005
Result
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Table 3. Analyses Results for Test (C). 

Metric Result 

Precision 0.984 

Recall 1 

F1 Score 0.99 

Accuracy 0.984 

 

Figure 10. Performance Metrics for Test (C). 

3.7 Evaluations and Analysis of Findings 

The empirical results highlight the presence of several important advantages of the hybrid architecture of the Smart 

MOOC Learning Assistant over the traditional keyword-based approaches. 

3.7.1 Impact of Hybrid Logic on Cold-Start Problems 

Traditional recommendation systems face the cold-start problem, in which the system does not have enough 

information about the course to make recommendations. The hybrid logic of the system using the OWL ontology for 

initial Content-Based Filtering (CBF) enables the system to make recommendations about new courses based on their 

pedagogical characteristics. As the user starts to provide feedback on the course, the Social Collaborative Filtering (SCF) 

loop refines the results. This makes the system self-optimizing. 

3.7.2 Performance Scalability 

The data obtained indicate that moving from the first set (30 courses) to the second set (50 courses) of test data 

increased department (precision/accuracy) from 0.966 (30 courses) to 0.98 (50 courses). When moving to the third set 

(500 courses), also evidenced by data obtained during this test, precision/accuracy increased to 0.984. These results 

provide further evidence that the hybrid model is viable and continues to improve in reliability with an increase in the 

amount of course data in the system as a result of the additional addition/reduction of the course data. The fact that 

hybrid models maintain high precision in a search space 10x larger than current state, provides evidence that the system 

has the ability to integrate/degree from multiple sources (Coursera, Edx, Udemy, and Kurdish platforms) in the course 

data while providing reliable course retrieval based on this integration of course data. 

4. Comparison and Discussion 

Table 4 represents the comparison between the proposed system (ODHSRS) and the related works.  

0.975 0.98 0.985 0.99 0.995 1

Precision

Recall

F1 Score

Accuracy

Result
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Table 4. Comparative Analysis of Prediction Recommendations System Using Different Techniques. 

N Ref. Dataset Ontology 
Recommendation 

Type 
Model Result 

1 
[12] 

2025 

622 Course 

online 

Not 

applied 

content-based 

recommender system 

and Collaborative 

Filtering 

(CNN)DL 
similarity 

score of 98% 

2 
[13] 

2025 

open data 

platform 
Applied Not applied 

E-SWT (Educational 

Semantic Web 

Technology) 

Accuracy= 

96.6% 

3 
[14] 

2025 

1,000+ 

Coursera 

courses (via 

Web Scraping) 

Applied 

Content-Based 

Recommendation 

(CBRS) 

Ontology Course 

Recommender 

Accuracy=98% 

Precision=0.98 

Recall=1.00 

F1-Score=~0.99 

4 
[15] 

2023 

User 

sequential 

semantic 

dataset 

Applied 
Intelligent Content-

Based (ICRS) 

LSTMM (Augmented 

Deep Learning) 

Accuracy=0.84

53 F1-Score = 

0.7731 

5 
[16] 

2024 

Rural social e-

learning 

content 

Not 

applied 

Social & Article 

Recommendation 

Neural Network, 

PageRank, and ROCK 

Accuracy = 

95.2% 

6 
[17] 

2023 

Coursera and 

udemy 

platform 

Not 

applied 

Collaborative 

Filtering 

(Random Forest, 

Decision Tree, K-Nearest 

Neighbors, Singular 

Value) ML 

Precision = 

0.8621 

7 
[18] 

2025 

online 

education 

platform 

Not 

applied 

personalized 

recommendation 

system 

(CFSFDP)ML MODELS 
Accuracy= 

>70% 

8 
[19] 

2025 

800 online 

courses 

Not 

applied 

content-based 

filtering, 

collaborative filtering 

mistralai/Mistral-7B-

Instruct v0.2 

Accuracy=> 

78% 

9 
This 

Study 

Multi-platform 

MOOCs(Corse

ra,Edx,Udemy,

Kurdish) 

(+5000 via Web 

Scraping) 

Applied 

Semantic Content-

Based Filtering 

(CBF)+ Social 

Collaborative 

Filtering (SCF) 

Ontology-Driven Hybrid 

Semantic Recommender 

System (ODHSRS) 

Accuracy= 

0.984 

Precision= 

0.984 

Recall = 1 

F1 score = 0.99 

Table 4 illustrates that the performance metrics results for the depended datasets by this work which are (multi-

platform MOOCs (Corsera, Edx, Udemy, and Kurdish) (+5000 via Web Scraping)), which compared to the pervious 

works. Taking in the consideration that not all of these datasets were used by the previous works, because there are 

four datasets used in this work, and these datasets are modified by increasing number of the features which provided 

more reliability to the system. So, the comparison has been done with the coldest as maximum as available previous 

works. The findings reveal the massive potential for an ODHSRS.  With a consolidated accuracy score of 0.984 and an 

F1 score of 0.99, ODHSRS outperformed both keyword-based systems as well as the behavior modelling algorithms 

used in the research of [15] (F1 score =0 .7731) and framework of ([15] LSTMM = accuracy of 0.8453).  Utilization of a 

semantic inference engine to address cold-start challenges encountered by conventional machine learning models 
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within references [18] (accuracy > 70 %) and [19] (accuracy > 78%) provides our solution to reduce information overload 

present in multi-platform environments associated with MOOCs. 

5. Conclusion 

This research has been successful in designing and implementing a Smart MOOC Learning Assistant based on an 

Ontology-Driven Hybrid Semantic Recommender (ODHSRS) to address the rising problem of information overload 

and data fragmentation in the digital education arena. With the integration of a multi-platform dataset containing more 

than 5,000 courses from international sources like Coursera, Udemy, and EdX, as well as Kurdish sources, a semantically 

rich environment for personalized learning has been established. Furthermore, the domain-specific OWL Ontology 

used in the system extends the concept of traditional keyword-based matchmaking to deeper pedagogical relationships 

between course attributes and learner goals. Experimental results showed an exceptional performance pattern for the 

ODHSRS model, with a consolidated average Accuracy of 0.984, Precision of 0.984, Recall of 1.0, and an F1-Score of 0.99. 

As mentioned in Table 4: Comparative Analysis of Prediction Recommendations System Using Different Techniques, 

the semantic-based ODHSRS model far exceeded the performance of traditional machine learning-based models as well 

as the latest generative AI-based models. One significant observation was the strong reliability of the system. With the 

transparent guidance mechanism and the elimination of the "cold-start" problem for learners, the Smart MOOC 

Learning Assistant is a reliable and efficient tool for the promotion of learner engagement and retention in the ever-

evolving global MOOC arena. 

6. Future Work 

Although the current Smart MOOC Learning Assistant has shown high accuracy and semantic precision in its 

results, there are still several ways in which the system could be further optimized and extended: 

Automated Data Synchronization: Future development will primarily focus on transitioning from manual scraping 

to an automated data pipeline. This will involve implementing ETL (Extract, Transform, Load) processes using the 

official APIs of Coursera, Udemy, and edX. By using scheduled Webhooks and Cron functions, the system will 

automatically detect new course additions or changes in metadata (such as price updates) on external platforms. These 

changes will be linked to an OWL ontology in real time, ensuring that the knowledge base remains synchronized 

without manual intervention. 

Real-Time Learner Progress Tracking Integration: Future versions of the system could include real-time learner 

tracking through the use of dynamic API hooks that track learner progress through the course in real time. 

Expansion of Kurdish Language NLP: To further assist in serving the localized education sector in Kurdish regions, 

the system’s natural language processing capabilities could be further extended to incorporate more complex Kurdish 

dialects. 

Implementation of Explainable AI (XAI): Expanding on the current level of semantic explanation, the system could 

be further developed to include a higher level of explanation for the learner on why a particular course is recommended 

(for example, "This course is recommended because it fills in a prerequisite gap in your Data Science course 

progression"). 

Cross-Platform Adaptive Assessment: The system could be further developed to include a cross-platform 

assessment tool that evaluates the learner’s capabilities through quizzes and uses this to further refine their profile in 

the OWL ontology. 

Integration of Generative AI for Tutoring: The system could be further developed to include Large Language 

Models that work in tandem with the SPARQL inference engine to allow learners to ask questions about the course 

content in real time. 
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Abbreviation Full Term 
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OWL Web Ontology Language 

RDF Resource Description Framework 

SPARQL SPARQL Protocol and RDF Query Language 

ODHSRS Ontology-Driven Hybrid Semantic Recommender System 

CBF Content-Based Filtering 

SCF Social Collaborative Filtering 

NLP Natural Language Processing 

AI Artificial Intelligence 
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XAI Explainable Artificial Intelligence 

LMS Learning Management System 

ICRS Intelligent Content-Based Recommendation System 
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