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Abstract: The rapid expansion of online education platforms has fundamentally changed the way students engage with
learning opportunities. Students now have access to a vast array of courses, offered by different institutions, in various
fields of study, and at different levels. [I] However, with such an overwhelming selection, choosing the right courses that
align with a student's academic path, interests, and career aspirations can be a daunting task. Traditional course
recommendation systems, which have relied on simple rule-based or manual methods, often fall short of addressing the
diverse and evolving needs of modern learners. [5] To solve these challenges, this paper proposes the development of an
Al-powered course suggestion system that adapts to the individual needs of each student by using advanced machine
learning techniques. Unlike traditional systems, which are confined to static rules or rigid structures, the Al-based system
is designed to learn from each student's behaviour, interactions, and academic profile to offer personalized course
recommendations that evolve over time.
Keywords: Artificial Intelligence, Machine Learning, Course Recommendation, Personalized Learning, Collaborative
Filtering, Content-Based Filtering, Hybrid Recommendation Systems.

I.INTRODUCTION
The rise of online education platforms has significantly transformed the way students access educational content. With
platforms such as Coursera, edX, and Udemy offering thousands of courses across various disciplines, students are
presented with an overwhelming array of choices. [10] The decision-making process in selecting the most relevant
courses has become increasingly complex, as students must align course offerings with their academic goals, personal
interests, and career aspirations.
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Traditional course selection methods often depend on rigid, rule-based approaches that may fail to address the diverse
and ever-changing needs of today's learners. In comparison, more modern approaches offer greater adaptability and
relevance., which may be based on manually curated lists or simple rules (e.g., recommend courses based on subject or
course level), there is a growing interest in developing more dynamic, adaptive, and personalized course recommendation
systems. These systems use data-driven approaches, such as machine learning algorithms, to offer tailored course
suggestions, ultimately improving the student learning experience. The challenge, however, lies in the complexity of
effectively gathering and utilizing data from multiple sources to create these personalized recommendations.[18]This
paper suggests creating an Al-powered course recommendation system that leverages machine learning techniques to
deliver personalized, data-driven suggestions for courses.. The system integrates collaborative filtering, content-based
filtering, and hybrid models to ensure that course suggestions are relevant, adaptive, and aligned with students’ unique
learning preferences, academic histories, and career goals. The Al-based system is designed to make course
recommendations that continuously evolve as students interact with the platform, thereby providing more accurate and
effective suggestions. duals and to the professions they take. [5]Massive open online courses (MOOC:s), a form of e-
learning, have significantly transformed traditional education and introduced numerous possibilities as an innovative
approach. Since their inception, they have enabled individuals from distant locations to access high-quality, engaging, and
practical courses offered by prestigious institutions and inspiring instructors at a minimal cost..[7] The increasing variety
of courses available in modern educational institutions presents both opportunities and challenges for students. With the
vast number of courses to choose from, students often struggle to identify the most suitable ones for their academic and
professional goals. Traditional methods of course selection, such as academic advising or course catalogs, may not provide
the level of personalization required to optimize the learning journey for each student. In recent years, Artificial
Intelligence (Al) has emerged as a promising solution for personalized learning.[19] By utilizing machine learning (ML)
algorithms, Al can analyze vast amounts of data to make accurate predictions and provide tailored course suggestions
based on student profiles. This paper explores the use of Al in building an intelligent course suggestion system and
presents a framework for developing such a system.

2. LITERATURE REVIEW

The need for personalized course recommendations arises due to the distinct nature of each student’s academic journey.
Students come from varied educational backgrounds, possess different learning styles, and pursue distinct career goals.
Therefore, a one-size-fits-all approach to course recommendations is insufficient. Traditional course suggestion systems
generally rely on simple rules or heuristic methods, which only provide general suggestions based on broad categories
(e.g., recommend courses in a particular discipline or level). While such systems may be effective in some contexts, they
are static and fail to capture the dynamic and diverse needs of individual students. Furthermore, these systems often do
not account for evolving student interests, learning goals, or preferences. As students complete more courses, their
preferences may shift, and they may discover new areas of interest or refine their career objectives. A system that does
not adapt to these changes is less likely to provide meaningful course suggestions over time. Additionally, with the rise of
vast online course offerings, traditional methods fall short in addressing the complexity of today’s educational landscape.
Personalized course recommendations powered by Al can address these limitations by learning from students' historical
data, preferences, and interactions with the platform. Machine learning provides a powerful tool for improving
recommendation systems. By analysing large datasets, machine learning models can uncover hidden patterns in students'
behaviour, preferences, and academic progress. Unlike traditional methods, machine learning-based systems can adapt to
changing student needs and suggest courses that are more likely to meet their current academic and career aspirations.
Recommendation systems powered by machine learning, including collaborative filtering, content-based filtering, and
hybrid approaches, are highly effective for this purpose as they can tailor suggestions based on user data.

3. AI-BASED COURSE SUGGESTION PORTFOLIO: ARCHITECTURE AND METHODOLOG
The Al-based course suggestion portfolio is designed to offer personalized course recommendations by utilizing three
coreMachine learning methods: collaborative filtering, content-based approaches, and hybrid techniques.. The goal is to
create a robust recommendation engine that adapts to the student’s academic trajectory, interests, and career goals,
making it easier for them to navigate the overwhelming number of available courses.
3.1 Data Collection
The first step in creating personalized course suggestions is gathering relevant data. The system collects data from three
primary sources:
I. Student Profiles: This data includes demographic information (e.g., age, location), academic background (e.g.,
previous courses, grades, skills acquired), and career goals (e.g., desired job roles, industries).[1] It also includes
preferences such as learning style (e.g., video-based, text-based learning), time commitment (e.g., full-time, part-time), and
areas of interest (e.g., software development, data science).
2. Course Data: This includes detailed information about each course, such as course descriptions, topics covered,
prerequisites, skill levels, duration, and instructor profiles. Additionally, course metadata like ratings and reviews from
other students helps assess the quality and relevance of courses. [20] The course data also includes whether the course
aligns with industry standards, certifications, or relevant career paths.
3. Behavioural Data: This type of data is generated through student interactions on the learning platform. It includes
actions such as courses that students have enrolled in, viewed, bookmarked, or rated highly. Behavioural data also
includes the amount of time spent on each course, which can indicate a student’s engagement level or preference for
specific types of content.
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3.2 Data Pre-processing

Before the data can be used in machine learning algorithms, it must undergo pre-processing to ensure its quality and
accuracy. Key tasks in this phase include:

Normalization: [4] Different features may vary significantly in scale (e.g., ratings on a scale of |-5, time spent on courses
in minutes). Normalization ensures that each feature is on a similar scale, preventing one feature from dominating the
model due to its larger range.

Feature Extraction: Important features are extracted from both student profiles and course metadata. For instance, for
each course, relevant features could include the subject area, skill level, or instructor, which would be used to build a
profile for the course.

Handling Missing Data: [8]| n real-world datasets, missing values are inevitable. Techniques such as imputation
(replacing missing values with the mean or median of a feature) or discarding incomplete records are used to handle this
issue effectively.
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Fig.l Observation Data
3.3 Collaborative Filtering
Collaborative filtering is a commonly used method that predicts course recommendations by analyzing the preferences
and behaviors of users with similar interests. It comes in two types:
User-Based Collaborative Filtering: [I7] This method identifies students whose preferences (e.g., courses taken,
ratings) are it identifies users with preferences similar to the target student and suggests courses based on what these
users have liked or rated highly.
Item-Based Collaborative Filtering: This method analyzes the relationships between courses. It identifies courses
that are similar to those the student has already interacted with (e.g., taken or rated highly) and recommends those.

Recommender
System

Content-based filtering Collaborative filtering Hybrid fittering
Technique technique technique

Model-based filtering Memory-based
technigue filtering technigue

Clustering, Association
techniques, Bayesian
Netwarks, Newral
Networks

User-based Itern-based

Fig.2 Flowchart
While collaborative filtering is powerful, It encounters the "cold start" issue, particularly when there is a lack of data on
new users or newly introduced courses. Without enough interaction history, it becomes difficult to generate reliable
recommendations.
3.4 Content-Based Filtering
Content-based filtering recommends courses based on the attributes of the courses themselves. It matches the course
metadata (e.g., topics, prerequisites, skills taught) to the student’s previous course choices or stated preferences. For
example, if a student has previously taken courses on data science, the system may recommend additional courses in
related fields, such as machine learning or artificial intelligence. The main advantage of content-based filtering is that it can
provide recommendations even when there is little data about other users. However, it has limitations, such as
recommending only courses that are very similar to those the student has already interacted with, which may result in a
lack of diversity in the recommendations.
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3.5 Hybrid Model
Hybrid Recommendation System
A hybrid recommendation system is designed to blendthe advantages of both collaborative and content-based filtering.,
overcoming their individual limitations to provide more accurate and diverse recommendations.
I. Weighted Averaging
In the weighted averaging approach, predictions from both collaborative and content-based filtering methods are
combined. Each method is assigned a weight based on its performance or relevance, and the final recommendation is a
weighted average of the predictions from both methods. This approach ensures that the strengths of both methods are
utilized.
Collaborative Filtering: This method relies on user interactions and behaviors, such as ratings or clicks, to make
recommendations. For example, if many users who liked Course A also liked Course B, the system might recommend
Course B to someone who liked Course A.
Content-Based Filtering: This method relies on the attributes of the items themselves, such as the course content, to
make recommendations. For instance, if a student has taken courses related to machine learning, the system might
recommend other courses in the same field.
Example: Let's say we have two prediction scores for a course recommendation:
e Collaborative filtering score: 80%
e Content-based filtering score: 70%
If we assign weights of 0.6 to collaborative filtering and 0.4 to content-based filtering, the final prediction score is
calculated as:

Final Score=(0.6%80%)+(0.4%70%)=48%+28%=76%\text{Final Score} = (0.6 \times 80\%) + (0.4 \times 70\%)

= 48\% + 28\% = 76\%

This weighted averaging balances the contribution of both methods, ensuring that neither dominates the recommendation
process entirely.
2. Switching
Switching involves dynamically choosing between collaborative and content-based filtering based on the available data or
the user's profile. This adaptability ensures that the most suitable method is used in different scenarios.
Cold Start Problem: One of the biggest challenges in recommendation systems is the cold start problem, where the
system has little to no data about a new user or item. Content-based filtering can be more effective in this scenario, as it
can recommend items based on the attributes of the items themselves, even without user history.
Sufficient Behavioural Data: When the system has accumulated enough data about a user's interactions (e.g., ratings,
clicks, purchase history), collaborative filtering becomes more effective. It can leverage the patterns and similarities in user
behaviour to provide recommendations.
Example: Imagine a new student joining an online learning platform. Initially, the system lacks sufficient data about the
student's preferences. During this phase, content-based filtering can recommend courses based on the student's interests
and the content of the courses. As the student interacts with the platform, providing ratings and feedback, the system
gradually accumulates behavioural data. Once sufficient data is available, the system can switch to collaborative filtering,
utilizing the student's interaction history to refine and personalize the recommendations further.
Benefits of the Hybrid Model

start
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v
Check available data
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| |
| |
| | |
| v v |
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Fig 3 Flowchart for Hybrid Model
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Mitigating the Cold Start Problem: By leveraging content-based filtering initially, the hybrid model can provide
relevant recommendations even for new users or items. This ensures that users receive useful suggestions from the
outset, enhancing their engagement with the platform.

e Enhanced Diversity: Combining collaborative and content-based filtering allows the system to offer a broader range of
recommendations. Users can discover courses that align with their previous choices and those popular among similar
users, enhancing the diversity and relevance of suggestions.

e Improved Accuracy: The hybrid model's ability to dynamically switch between filtering methods based on data
availability ensures that the most effective approach is used at any given time. This adaptability improves the accuracy
of recommendations, resulting in higher user satisfaction.

4. SYSTEM IMPLEMENTATION AND EVALUATION

4.1 System Architecture

The system is crafted using Python, a versatile language that excels in both classical machine learning and advanced deep

learning applications. This system integrates several key libraries:

Scikit-learn: Used for traditional machine learning models. This library offers straightforward and effective tools for data

analysis and modeling.

Tensor Flow: Employed for deep learning-based recommendations. TensorFlow offers robust capabilities for building

and deploying machine learning models.

Keras: Acts as an interface for Tensor Flow, simplifying the process of training and evaluating deep learning models.

Key Layers

Data Collection: The system gathers data on student interactions, preferences, and academic history.

Data Preprocessing: The collected data is cleaned and normalized to ensure it is compatible with the machine learning

algorithms. This step includes handling missing values, normalizing numerical data, and encoding categorical variables.

Model Training: Using the preprocessed data, the system trains various machine learning models. For deep learning

models, Tensor Flow and Keras are utilized.

Evaluation: Models are evaluated using a validation set to ensure they generalize well to new, unseen data. Metrics such

as precision, recall, and Fl-score are used to assess performance.

Deployment: The system is deployed on a cloud-based infrastructure. This approach ensures that the system is scalable

(can handle increasing amounts of data and users) and available (accessible at any time).

User Interface (Ul): Web Interface: Students can input their preferences and academic history through an interactive

web interface. They can also view the recommended courses and provide feedback on the recommendations.

Feedback Loop: The system continuously incorporates student feedback to refine and improve the recommendation

model over time. This iterative process helps in keeping the recommendations relevant and accurate.

Hmmm e + Hmmm o + Hmmmmmmm oo +
| Data collection [----- > | Data Preprocessing |----- > | Model Training |
e TR + o + o +

| |

+omm o + oo +

|

Hmmmmm - + Hmmmm - +

|

Hmmmmmm - + Hmmmmm - +
| |
e + o + o +
| User Interface [¢----- >| Recommendation | | Feedback Loop |
|  (web Interface) | | Engine | | (Continuous Refinement)|
e TR + o + o +

Fig 4. Flowchart

Training and Validation

Dataset

e Training Set: A large dataset of student-course interactions is used to train the recommendation models.

e Validation Set: A portion of the dataset is set aside to validate the model's performance and ensure it generalizes well
to new data.

Evaluation Metrics

e Precision: Measures the accuracy of the recommendations.lt is the proportion of relevant recommendations
compared to the total number of recommendations provided.

e Recall: Measures the ability to identify all relevant items. It is the ratio of relevant recommendations to the total
relevant items available.

e Fl-Score: A harmonic mean of precision and recall, providing a single metric that balances both.

The combination of these metrics helps in understanding the effectiveness of the recommendation system from multiple

perspectives.

Evaluation Results - Performance

e Precision: The hybrid model achieved a precision of 82%, indicating that 82% of the recommended courses were
relevant to the students.
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e Recall: A recall of 79% shows that the model successfully identified 79% of all the relevant courses.

e Fl-Score: An Fl-score of 80% indicates a good balance between precision and recall.

User Feedback

¢ Student Satisfaction: 90% of students reported that the recommendations significantly improved their course selection
process, indicating high user satisfaction and the practical utility of the system.

5. DISCUSSION AND FUTURE WORK
While the Al-based course suggestion system has demonstrated promising results in terms of recommendation accuracy
and user satisfaction, several areas can be further refined to enhance its effectiveness and robustness. Let's delve into
these aspects in more detail.
Addressing the Cold Start Problem: The cold start problem is a significant challenge in recommendation systems,
particularly for new users who have no historical data or for newly introduced courses that lack sufficient interaction
data. This issue arises because collaborative filtering relies heavily on past interactions to make accurate
recommendations. When such data is sparse or absent, the system struggles to generate meaningful suggestions.
Potential Solutions: Incorporating Additional Data Sources: Peer Reviews: Integrating peer reviews and ratings
can provide insights into the quality and relevance of courses from the perspective of other students. These reviews can
serve as valuable data points, especially for new courses with limited interaction data.
Expert Recommendations: Leveraging recommendations from subject matter experts or course instructors can also
fill the data gap. Experts can provide assessments of the course content's quality and its alignment with students' academic
goals.
Hybrid Approaches: Combining Collaborative and Content-Based Filtering: By blending these two methods, the system
can utilize content-based filtering to make initial recommendations for new users or courses. As more interaction data
becomes available, collaborative filtering can take over, refining the recommendations based on user behavior.
Using Contextual Information: Incorporating contextual information such as user demographics, academic
background, and learning preferences can help personalize recommendations for new users. This approach ensures that
even without historical interaction data, the system can still provide relevant suggestions.
Active Learning and User Feedback: Soliciting Feedback: Actively requesting feedback from users about the
recommendations can help the system learn and improve. For instance, asking users to rate the relevance of suggested
courses can provide immediate data to enhance future recommendations.
Personalized Questionnaires: Implementing questionnaires that ask new users about their interests, goals, and
previous learning experiences can help tailor recommendations. This information serves as an initial profile that the
system can use until sufficient interaction data is collected.
Enhancing Recommendation Diversity: While precision and accuracy are crucial, it's also important to ensure that
recommendations are diverse. Overly similar recommendations can lead to a narrow learning experience, limiting
students' exposure to a broad range of subjects.
Potential Solutions: Diverse Recommendation Strategies:
Balancing Novelty and Relevance: Implement strategies that balance recommending familiar courses with introducing
novel ones. This approach encourages students to explore new areas while still receiving suggestions aligned with their
interests.
Regular Updates: Continuously update the recommendation algorithms to incorporate new courses and emerging
topics. This practice ensures that the recommendations remain current and varied.
Implementing Diversity Metrics: Measuring Diversity: Introduce metrics to measure the diversity of the
recommendations. For example, evaluating the range of topics, difficulty levels, and formats (e.g., lectures, hands-on
projects) in the recommended courses. Optimizing for Diversity: Adjust the recommendation algorithms to optimize for
diversity, ensuring that the suggestions include a mix of well-known and lesser-known courses.
Improving User Interaction and Engagement: The user interface and overall user experience play a critical role in
the effectiveness of the recommendation system. A seamless and engaging interface encourages users to interact with the
system, providing valuable feedback and interaction data.
Potential Solutions: Enhancing the User Interface:
Intuitive Design: Design an intuitive and user-friendly interface that makes it easy for students to input their preferences,
view recommendations, and provide feedback.
Interactive Features: Incorporate interactive features such as course previews, student reviews, and interactive charts
to make the user experience more engaging.
Incorporating Gamification Elements: Gamified Feedback: Introduce gamification elements to encourage users to
provide feedback. For example, awarding points or badges for rating courses or completing surveys can motivate users to
engage more with the system.
Personalized Dashboards: Create personalized dashboards that track students' learning progress, recommended
courses, and feedback history. This feature can enhance the sense of personalization and ownership over the learning
journey.

FUTURE WORK

To further advance the Al-based course suggestion system, future work could focus on the following areas:
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Advanced Natural Language Processing (NLP): Text Analysis: Implement advanced NLP techniques to analyze

course descriptions, student reviews, and other textual data. This analysis can provide deeper insights into course content

and relevance.

Sentiment Analysis: Use sentiment analysis to gauge the sentiment expressed in student reviews, helping to identify

highly recommended courses and potential areas for improvement.

Real-Time Data Integration:

Dynamic Recommendations: Enable the system to provide real-time, dynamic recommendations based on the latest

interaction data. This capability ensures that suggestions are always up-to-date and relevant.

Adaptive Learning Models: Implement adaptive Models that continuously adjust and improve by incorporating new data,

ensuring the system evolves in line with changing user preferences and trends.

Expanding the Dataset: Collaborative Partnerships: Partner with more educational institutions to expand the dataset,

incorporating diverse student demographics and course offerings. A larger and more diverse dataset improves the

system's generalizability and robustness.

Cross-Platform Integration: Integrate data from multiple learning platforms to create a comprehensive view of

students' learning journeys, enhancing the accuracy and relevance of recommendations.
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