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Abstract: In today's information age, personalized education has become one of the research hotspots in 
the field of education. The deep learning-based MOOC personalized course recommendation system 
analyzes learners' historical behavioral data and personalized needs to provide tailored course 
recommendations, aiming to enhance learning effectiveness and satisfaction. This paper aims to design 
and implement a deep learning-based MOOC personalized course recommendation system, and explore 
its application prospects in the field of education. 
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1. Introduction 

With the development of the Internet and information technology, Massive Open Online Courses 
(MOOCs) have emerged as a new educational model, drawing widespread attention due to their openness, 
flexibility, and efficiency. However, due to the vast and diverse content of MOOC courses, learners often 
face challenges such as information overload and difficulty in course selection. To address this, 
personalized recommendation systems have emerged, aiming to provide learners with tailored course 
recommendations based on their individual characteristics and needs, thereby enhancing learning 
effectiveness and satisfaction. 

2. Background and Related Work 

2.1. Overview and Development Trends of MOOCs 

Massive Open Online Courses (MOOCs) are a form of distance education based on the Internet. They 
provide open and flexible learning opportunities to learners globally, breaking through the geographical 
and time constraints of traditional education. The development of MOOCs began in 2008, initially 
founded by Stephen Downes and George Siemens in Canada. With the widespread availability of the 
Internet and mobile devices, MOOCs quickly became a significant avenue for learners worldwide to 
acquire knowledge and skills [1]. 

2.2. Development Status and Research Progress of Personalized Recommendation Systems 

Personalized recommendation systems aim to provide information or services tailored to users' 
interests and preferences based on their personalized needs and behavioral characteristics. With the rapid 
growth of Internet information, traditional methods of information retrieval and delivery have become 
insufficient to meet users' personalized needs. Personalized recommendation systems have become 
integral to many online service platforms such as e-commerce platforms, social media, and educational 
platforms. Research on personalized recommendation systems spans multiple fields including data 
mining, machine learning, and statistics. In recent years, with the advancement of deep learning 
technology, personalized recommendation systems have significantly improved in accuracy and 
effectiveness. 
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2.3. Application of Deep Learning in Personalized Recommendation Systems 

 
Figure 1: Characteristics of Traditional Recommendation Systems vs. Personalized Recommendation 

Systems 

Deep learning, a branch of machine learning known for its powerful feature learning and pattern 
recognition capabilities, has been widely applied in personalized recommendation systems [2]. Traditional 
recommendation systems often rely on manually designed features and simple machine learning 
algorithms, limiting their effectiveness due to the expressive power of feature representation and model 
complexity. Deep learning, through multi-layer neural network structures, learns complex high-level 
feature representations from large-scale data, effectively capturing the latent relationships between users 
and items, thereby enhancing the recommendation quality and user satisfaction of recommendation 
systems. 

In personalized recommendation systems, deep learning is primarily applied to the construction and 
optimization of recommendation models. Methods such as deep neural network-based collaborative 
filtering, deep learning-based content recommendation, and deep representation learning-based feature 
extraction address issues such as sparsity and cold start problems in traditional recommendation systems, 
while also enhancing the personalization and accuracy of recommendations(Figure 1). With the 
continuous advancement and widespread adoption of deep learning technology, its application prospects 
in personalized recommendation systems are extensive, promising more intelligent and personalized user 
experiences across various online service platforms. 

3. Design of Deep Learning-Based Personalized Recommendation System for MOOCs 

 
Figure 2: Design of Personalized Recommendation Systems 

Traditional recommendation systems

Characteristics

Traditional recommendation systems 
often rely on manually designed 
features and simple machine learning 
algorithms, limiting their effectiveness 
due to the expressiveness of feature 
representation and the complexity of the 
model.

Personalized Recommendation 
Systems

Characteristics

In personalized recommendation systems, 
deep learning is primarily applied to the 
construction and optimization of 
recommendation models. Methods such 
as deep neural network-based 
collaborative filtering, content 
recommendation based on deep learning, 
and feature extraction using deep 
representation learning address the 
sparsity and cold start issues inherent in 
traditional recommendation systems. 
These approaches also enhance the 
personalization and accuracy of 
recommendations.

Needs Analysis 
and System 

Design Objectives

Data 
Preprocessing and 
Feature Extraction

Model Selection 
and System 
Architecture 

Design



Academic Journal of Computing & Information Science 
ISSN 2616-5775 Vol. 7, Issue 7: 90-97, DOI: 10.25236/AJCIS.2024.070712 

Published by Francis Academic Press, UK 
-92- 

3.1. Requirements Analysis and System Design Objectives 

Before designing a deep learning-based personalized recommendation system for MOOCs, 
requirement analysis is the primary step in system design. MOOC platforms involve diverse user groups 
and course content, with significant differences in learner needs and behaviors [3]. The system must 
flexibly adapt to the personalized requirements of different learners. Additionally, consideration should 
be given to the sources and methods of data collection to ensure the system can access sufficiently rich 
and accurate user behavioral data. Design goals should be specific and clear, aiming to enhance overall 
user satisfaction and educational effectiveness on the platform.A deep learning-based personalized 
recommendation system should deeply mine hidden patterns in user behavioral data, such as learning 
preferences, progress, and interaction habits. This is achieved through constructing complex and refined 
neural network models to accurately capture users' personalized needs. Simultaneously, the system 
should support dynamic adjustment of recommendation strategies. This involves real-time optimization 
of recommendation lists based on user feedback and learning outcomes, ensuring recommended content 
aligns with users' immediate interests while guiding exploration of potential learning areas.During the 
initial system design phase, close collaboration with educational experts and platform operators is 
essential. This collaboration ensures a thorough understanding of their expectations and requirements, 
thereby ensuring the design of the recommendation system aligns with the intended educational goals 
[4]. 

3.2. Data Preprocessing and Feature Extraction 

Data generated by MOOC platforms typically include various behavioral data such as user viewing 
behaviors, clicks, and assignment submissions. During the data preprocessing stage, it is essential to 
clean and filter the raw data to ensure its quality and accuracy. Formatting and standardizing the data 
facilitate subsequent feature extraction and model training processes. Feature extraction involves 
extracting features from preprocessed data that effectively characterize learners and courses. Common 
features include but are not limited to user learning histories, interest preferences, distribution of study 
times, as well as course content attributes and difficulty levels [5]. Methods for feature selection and 
extraction should consider data sparsity, diversity, and the level of personalization required by the 
recommendation system (Figure 2). 

3.3. Model Selection and System Architecture Design 

In deep learning-based personalized recommendation systems for MOOCs, model selection and 
system architecture design are critical factors determining system performance and recommendation 
effectiveness. Deep learning models, known for their ability to automatically learn and extract complex 
feature representations, are widely applied in recommendation systems. Common deep learning models 
include Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long Short-Term 
Memory networks (LSTMs), and attention mechanisms. 

During the model selection process, it is important to choose appropriate model architectures based 
on specific system requirements and data characteristics. For tasks involving sequence data (such as user 
behavior sequences), RNNs or LSTMs are suitable choices. For tasks involving image or course content 
features, CNN models are considered. Additionally, model design should also consider the 
interpretability of recommendation results and user experience, ensuring the recommendation system 
effectively understands and meets user personalized needs. 

System architecture design involves integrating models, managing data flow processes, and 
deployment and maintenance strategies. Considerations for scalability, stability, and efficiency are 
crucial to ensure the recommendation system operates efficiently under large-scale user and data volumes, 
supporting continuous model updates and optimizations. 

This translation should cover the detailed aspects of designing a deep learning-based personalized 
recommendation system for MOOCs, focusing on requirements analysis, data preprocessing, feature 
extraction, model selection, and system architecture design. 
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4. User Modeling and Feature Engineering 

4.1. User Behavior Data Analysis and Modeling 

In deep learning-based personalized recommendation systems for MOOCs, analyzing and modeling 
user behavior data are essential components of system design. By analyzing behaviors such as clicks, 
viewing duration, course ratings, and assignment submissions, it becomes possible to gain deep insights 
into user learning habits, preferences, and behavior patterns [6]. During the modeling process, various 
methods including statistical, machine learning, and deep learning approaches are employed to model 
user behavior data. Statistical methods help analyze behavior distributions and trends, machine learning 
methods can predict future user behavior, while deep learning methods excel at uncovering complex user 
behavior patterns and hidden feature representations. Identifying and understanding the differences 
among user groups during user behavior data analysis and modeling provides crucial references and 
foundations for subsequent feature engineering and model design, ensuring that the recommendation 
system accurately captures personalized user needs and interests. 

4.2. User Feature Extraction and Representation Learning 

Table 1: Extraction of User Features 

Basic Information:  Age, gender, education level... 
BehavioralCharacteristics:  Viewing duration, click-through rate, learning frequency... 
Content Preferences:  Course categories, teaching styles... 

User feature extraction and representation learning constitute pivotal stages in recommendation 
systems(Table 1). In MOOC personalized recommendation systems, user features can be extracted from 
multiple dimensions including basic information (e.g., age, gender, education), behavioral characteristics 
(e.g., viewing duration, click rates, study frequency), and content preferences (e.g., preferred course 
categories, favored teaching styles) [7]. Feature extraction can utilize traditional rule-based and statistical 
feature engineering methods, or more sophisticated deep learning-based representation learning methods 
such as autoencoders, deep neural networks, etc. These methods effectively learn and extract feature 
representations that better characterize user interests and behavior patterns from large-scale, high-
dimensional user behavior data. Additionally, representation learning methods (such as Word2Vec, 
Doc2Vec) can be applied to user behavior sequence data, aiding the system in better understanding and 
exploring user interests and preferences. Through thoughtful design and selection of feature extraction 
and representation learning methods, recommendation systems can more accurately understand user 
needs, thereby enhancing recommendation precision and personalization levels. 

4.3. Construction of User Interest Models and Update Strategies 

The construction and update strategies of user interest models directly impact the longterm 
effectiveness and user satisfaction of recommendation systems. User interests in recommendation 
systems are dynamic and require effective strategies to capture and update user interest models. Building 
interest models can leverage historical user behavior data and real-time feedback data, employing 
machine learning and deep learning models for modeling. Using Recurrent Neural Networks (RNNs) or 
Long Short-Term Memory networks (LSTMs) to model user behavior sequences captures both long-term 
and short-term changes in user interests. Additionally, integrating multi-dimensional data such as content 
features and social network information enhances the expressive power and prediction accuracy of 
interest models. Recommendation systems need to regularly update user interest models to reflect the 
latest user interests and preferences. Dynamic adjustments based on factors like user activity levels and 
frequency of behavioral changes ensure that the recommendation system consistently delivers the most 
relevant and valuable recommendations to users [8]. 

5. Course Representation and Recommendation Algorithms 

5.1. Extraction and Representation of Course Content Features 

In deep learning-based personalized MOOC recommendation systems, extracting and representing 
course content features is a crucial step. It involves transforming various forms of information such as 
text descriptions, video lectures, and course materials into machine-understandable and processable 
feature representations. Natural language processing techniques are used to extract key words, themes, 
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and sentiment information from course descriptions. For video content, visual feature extraction 
techniques like Convolutional Neural Networks (CNNs) are employed to extract image features from 
video frames. Additionally, attributes such as course difficulty level, domain, and coverage of knowledge 
points can be considered as part of course features. 

5.2. Design of Deep Learning-based Recommendation Algorithms 

Deep learning-based recommendation algorithms demonstrate powerful capabilities in MOOC 
personalized recommendation systems, effectively handling large-scale, high-dimensional user behavior 
and course content data. Common neural network-based collaborative filtering algorithms learn implicit 
representations of users and courses, capturing complex relationships between user interests and course 
characteristics to enhance recommendation accuracy and personalization. Content recommendation 
algorithms based on deep neural networks integrate representation learning of course content features 
with modeling of user behavior data, better understanding and predicting user interest preferences. 
Introducing attention mechanisms in recommendation algorithms further enhances the system's focus on 
important information, effectively improving recommendation result interpretability and user satisfaction 

[9]. 

5.3. Recommendation Result Ranking and Optimization 

In deep learning-based personalized MOOC recommendation systems, ranking recommendation 
results considers both the accuracy of recommendation algorithms and integrates real-time user feedback 
and business objectives for comprehensive evaluation. 

Common sorting and optimization strategies include rule-based sorting methods based on factors 
such as course popularity, freshness, and user behavior history to enhance recommendation result 
diversity and coverage. Reinforcement learning methods optimize recommendation strategies through 
real-time interaction with users, balancing exploration and exploitation using algorithms like Multi-
Armed Bandit to optimize long-term cumulative rewards of recommendations. This approach 
continuously improves recommendation effectiveness and user satisfaction while maintaining system 
stability. Hybrid strategies that comprehensively utilize predictive capabilities of recommendation 
algorithms, user feedback information, and business objectives dynamically adjust the sorting of 
recommendation results, achieving precise personalized recommendation experiences. 

6. System Implementation and Performance Evaluation 

6.1. System Prototype Implementation and Deployment 

Building a personalized MOOC recommendation system based on deep learning involves crucial 
initial stages of prototype implementation and deployment. Implementing and deploying the system 
prototype poses technical challenges and necessitates considerations for scalability and stability to 
accommodate future user growth and feature expansion needs [10](Table 2). 

Table 2: Implementation and Deployment of System Prototype 

Stage Main Content 
Implementing System 
Prototype - Selecting suitable development frameworks and tech stacks (e.g., Python, 

TensorFlow, PyTorch)  

 

-Designing and constructing the specific implementation of recommendation 
algorithm models 
-Data preparation and cleaning, including collection and organization of user 
behavior and course content data 
-Designing and implementing frontend and backend interactive interfaces for 
intuitive user interaction with the recommendation system 

Deploying System 
Prototype  - Choosing appropriate cloud service platforms or server environments 
 

 -Ensuring system stability for handling large-scale user requests  
- Considering system scalability and stability to meet future development needs 
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6.2. Experimental Design and Performance Evaluation Metrics 

To evaluate the performance of a deep learning-based MOOC personalized recommendation system, 
systematic experimental design and performance evaluation are necessary. Experimental design should 
encompass evaluating aspects such as model accuracy, efficiency, and user satisfaction. Clearly defining 
experimental hypotheses and goals, such as assessing the performance of different recommendation 
algorithms in terms of accuracy and coverage, is essential. 

Performance metrics such as precision and recall contribute to assessing the system's ability to predict 
user preferences, while coverage and diversity measure the system's capability to recommend long-tail 
content and avoid over-specialization. Experimental design should also consider the selection and 
preprocessing of evaluation datasets to ensure data quality and representativeness. Furthermore, 
appropriate experimental control groups and cross-validation strategies are necessary to validate the 
robustness and generalization capability of recommendation algorithms. 

6.3. Analysis and Discussion of Experimental Results 

The analysis and discussion of experimental results are critical phases in evaluating the performance 
of a recommendation system. By comparing the performance of different algorithms across various 
evaluation metrics, insights into their strengths, weaknesses, and suitable application scenarios can be 
gained. Observations can highlight the advantages of deep learning-based recommendation algorithms 
in handling complex user behavior patterns and diverse course content. 

Analyzing experimental results also facilitates exploring performance differences across different 
user demographics and behavior preferences, as well as the long-term stability and adaptability of 
algorithms in real-world usage scenarios. Moreover, validation of the recommendation system's practical 
effectiveness and user satisfaction can be achieved through user feedback and interaction data. 

In summary, the stages of system prototype implementation, experimental design and performance 
evaluation, and analysis of results collectively contribute to the development and refinement of a deep 
learning-based MOOC personalized recommendation system. These processes ensure the system meets 
performance expectations and effectively caters to user needs in an evolving educational environment. 

7. Application and Expansion 

7.1. Application Scenarios and Effects in Educational Practice 

In educational practice, deep learning-based MOOC personalized recommendation systems offer 
students more personalized and effective learning paths and resource suggestions. By analyzing students' 
learning behaviors and preferences, the system can precisely recommend courses, videos, and study 
materials that match their learning needs and interests, thereby enhancing learning efficiency and 
motivation. Educators can utilize the data and feedback provided by the recommendation system to adjust 
course content and teaching methods, achieving optimized and personalized education. Additionally, the 
recommendation system aids students in overcoming learning difficulties and improving academic 
performance. 

7.2. Discussing System Scalability and Universality 

The scalability and universality of MOOC personalized recommendation systems are crucial for their 
widespread application across diverse educational settings. Scalability enables the system to handle 
large-scale user data and diverse course content while maintaining stable recommendation performance. 
Through techniques such as distributed computing and cloud services, the recommendation system can 
effectively scale to accommodate larger user bases and more varied course content. Universality ensures 
the system's ability to adapt to different academic disciplines and educational levels, providing 
personalized learning support and services for learners from various backgrounds and with different 
needs. Flexibility and scalability in algorithm design, system architecture, and optimization are essential 
to meet growing educational demands and technological challenges. 

7.3. Future Development Directions and Challenges 

Looking ahead, MOOC personalized recommendation systems face multiple development directions 
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and challenges. Advancements in artificial intelligence and deep learning technologies will enable 
recommendation systems to better understand and predict students' learning needs, achieving more 
efficient personalized recommendations. As educational content and learning methods evolve, these 
systems must continually adapt to new teaching modes and learning tools, such as augmented reality 
(AR) and virtual reality (VR). Considerations such as data privacy and security, transparency of 
recommendation results, and effectiveness of user feedback are critical for future development. Future 
advancements should focus on enhancing algorithm intelligence and adaptability, optimizing user 
experience and system credibility, and strengthening the integration of recommendation systems with 
educational practices to jointly drive the progress and innovation of educational technology. 

8. Research Achievements and Development Trends 

8.1. Summary of Research Achievements 

The deep learning-based MOOC personalized recommendation system has made significant strides 
in the field of education. By analyzing extensive learning data and user behaviors, the recommendation 
system accurately predicts students' learning interests and needs, thereby providing personalized course 
recommendations and learning path planning. Research indicates that personalized recommendations 
enhance students' learning efficiency and academic performance, as well as boost motivation and 
engagement, thereby optimizing educational resource allocation and improving teaching quality, 
profoundly impacting the education sector. 

8.2. Technological Challenges and Prospects for Solutions 

Despite the notable progress of MOOC personalized recommendation systems, challenges persist in 
terms of data sparsity, cold start issues, the complexity of recommendation algorithms, as well as user 
privacy and data security concerns. Enhancing the intelligence of recommendation algorithms and 
optimizing deep learning models can improve the accuracy and personalization of recommendations. 
Technologies like federated learning can address privacy protection concerns, while increasing data 
sources and refining data preprocessing methods can mitigate data sparsity and cold start issues. 
Strengthening the integration of recommendation systems with educational practices helps better 
understand the demands and challenges within the education process, guiding the development and 
application of technology. 

8.3. Future Development Trends of MOOC Personalized Recommendation Systems in the Education 
Sector 

The future development trends of MOOC personalized recommendation systems in education 
demonstrate several potential opportunities. With advancements and widespread adoption of educational 
technology, recommendation systems will extend into diverse learning scenarios and educational stages, 
including K-12 education, higher education, and lifelong learning. As big data and artificial intelligence 
technologies evolve, recommendation systems will become more intelligent and personalized, better 
accommodating diverse learner needs and learning paths. MOOC personalized recommendation systems 
will also integrate with emerging technologies such as augmented reality (AR) and virtual reality (VR), 
creating richer and immersive learning experiences. 

9. Conclusions 

This study designs a personalized MOOC course recommendation system based on deep learning and 
thoroughly discusses the key steps in system design and implementation. By deeply analyzing and 
modeling user behavioral data and course content, the system provides personalized and accurate course 
recommendations to learners, effectively enhancing learning outcomes and user satisfaction. With the 
continued advancement of deep learning technology and the diversification of educational demands, the 
prospects for applying personalized MOOC recommendation systems in the education sector are 
increasingly promising. 

The paper presents the design and implementation of a deep learning-based personalized MOOC 
course recommendation system. By analyzing learners' historical behavioral data and course content 
features, the system precisely recommends personalized courses, thereby improving learning efficiency 
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and user satisfaction. Detailed discussions and analyses are provided on system design, key technology 
selection, implementation methods, and practical application effects, demonstrating the potential and 
advantages of deep learning in personalized education. Future directions include further optimizing 
recommendation algorithms to enhance system intelligence and personalization, thereby meeting the 
challenges and demands of educational informatization. 
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