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Abstract

With the proliferation of online learning platforms, selecting appropriate artificial intelligence (AI)
courses has become increasingly complex for learners. This study proposes a novel hybrid Al course
recommendation framework that integrates Term Frequency-Inverse Document Frequency (TF-IDF)
and Bidirectional Encoder Representations from Transformers (BERT) for robust textual feature
extraction, enhanced by a Random Forest classifier to improve recommendation precision. A curated
dataset of 2,238 Al-related courses from Udemy was constructed through multi-session web scraping,
followed by comprehensive data preprocessing. The system computes semantic and lexical similarity
using cosine similarity and fuzzy matching to handle user input variations. Experimental results
demonstrate a high recommendation accuracy=91.25%, precision=96.63%, and F1-score=90.77%.
Compared to baseline models, the proposed framework significantly improves performance in cold-
start scenarios and does not rely on historical user interactions. A Flask-based web application was
developed for real-time deployment, offering instant, user-friendly recommendations. This work
contributes a scalable and metadata-driven Al recommender architecture with practical deployment
and promising generalization capabilities.

Keywords: Al course recommendation; hybrid recommender system; BERT embeddings; random
forest classifier; metadata-based filtering

1. Introduction

A course recommendation mechanism recommends similar courses based on learners’
preferences [1]. Udemy, Coursera, and EdX are online training resources that utilize such
methodologies and offer a wide variety of courses across several disciplines [2]. Online course
recommendation systems are becoming increasingly popular because they guide students to discover
suitable courses and enrich their learning experiences by offering personalized recommendations
tailored to their needs [3].

A recommendation system is a variety of information filtering systems designed to recall the
possible rating or preference that a user would give a particular item. It is a program that suggests a
suitable course to users [4]. For example, it can recommend a movie to watch on Netflix or suggest a
product to buy on online shops [5]. A variety of types of recommender systems contribute to filtering
information by suggesting suitable content based on numerous data sources and methods. Content-
based filtering and Collaborative filtering are among the most widely applied and studied methods
in various applications, such as education, e-commerce, and entertainment [6].
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1. Content-Based Filtering: Under this method, items are observed and then matched with the
user’s preferences. It performs tight item recommendations based on past interactions, utilizing
techniques such as TF-IDF and machine learning. It is very personalized, but it has a problem of a
cold start and can lead to a filter bubble, as the diversity of the shown content is reduced. To illustrate,
a movie streaming service that proposes movies to the client according to his or her preferences
regarding actors and genres [7].

2. Collaborative filtering: This method suggests items not based on their features, but instead on
the behavior patterns of the users. It identifies similar users or items using techniques such as user-
based and item-based collaborative filtering. Although efficient, it has problems with data sparsity
and cold start. An example is where Netflix suggests programs to watch depending on what similar
users to you have watched [8].

Online AI courses often lack individualized recommendations, resulting in many users having
less-than-ideal learning experiences. Conventional methods of finding courses, such as keyword-
based searches or manual browsing, don’t offer customized suggestions [9,10], especially when there
are numerous courses to choose from. This phenomenon is known to occur in some instances,
resulting in information overload, which leads to poor learning processes and decreased levels of
satisfaction among learners. Besides, a significant portion of current recommendation systems is
based on the collaborative filtering algorithm, which cannot be efficiently implemented in situations
where user data is sparse, as for courses or new users, resulting in the cold start problem [8].

In this regard, this paper proposes the design of a content-based recommendation system that
focuses on online courses in artificial intelligence. Content-based filtering can achieve good and
significant results in the course recommendation problem by utilizing only course attributes such as
titles, descriptions, and categories, without requiring a considerable amount of historical user
interaction data. This strategy aims to enhance course discovery, reduce information overload, and
improve the overall educational experience of Al learners. In addition to strengthening course
discovery and improving the overall learning experience, our method ensures learners receive
accurate and personalized recommendations.

This study introduces an Al recommender system that combines TE-IDF and BERT for effective
content representation and enhances the system’s accuracy with the aid of a Random Forest classifier.
Unlike most systems, infer learning relies just on the course metadata and not on interaction with
students. A set of 2,238 Udemy Al courses was gathered by web scraping and preprocessing. Ninety-
one percent of the cases were handled correctly, and the contributions of this research are:

1. We constructed a real-world dataset of 2,238 Al-related courses collected from Udemy using
multiple web scraping sessions, followed by rigorous cleaning and preprocessing to ensure data
quality.

2. Anovel hybrid recommendation architecture is introduced, combining TF-IDF for lexical feature
extraction, BERT embeddings for contextual semantic representation, and a Random Forest
classifier to enhance predictive accuracy.

3. The proposed system addresses the cold-start problem effectively by relying solely on course
metadata, eliminating the need for historical user interaction data.

4. Extensive empirical evaluation demonstrates that the proposed approach significantly
outperforms state-of-the-art baselines, achieving a recommendation accuracy of 91.25% and an
F1-score of 90.77%.

5. The entire system is implemented and deployed as a real-time interactive web application using
Flask, providing users with immediate and highly relevant Al course recommendations in a
user-friendly interface.

The remainder of the paper is organized as follows: Section 2 presents the details of the
techniques employed in this study. Next, in Section 3, we introduce the literature review on
recommendation systems. Section 4 contains our methodology. The experimental results are
presented in Section 5. Finally, Section 6 presents the conclusions and outlines future work.
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2. Literature Review

Various applications and usage methods of recommendation systems, as well as their associated
challenges, have already been outlined in numerous studies concerning the educational field.
Pointing out the imperfections that our offered solution aims to address, the following section
presents a detailed literature review on content-based filtering and its application in the context of
online learning.

Julian et al. [17] presented a self-governing structure for a recommendation system that can be
employed to enhance the education process by recommending online courses to students. The
contextual data, student information, and course requirements used in the research were made
available through the online learning environment (VLE). There is certainly improvement in terms
of utilizing metadata, but the study has not explored hybrid and content-based filtering methods.
The study also highlights the potential of intelligent systems in the context of personalized learning,
which is one of the objectives of our system, namely, to provide customized course recommendations.

In [18], the authors applied genetic algorithms and K-means clustering to enhance educational
recommendations. Although this cutting-edge approach enhanced accuracy, the research gave
special attention to collaborative filtering and did not utilize metadata to its full extent. Yonghong
Tian [19] proposed a hybrid recommendation system that combines collaborative filtering and
content-based filtering to enhance the utilization of library resources. In the investigation, the
clustering algorithms were employed to address the problem of data sparsity. This method, however,
required a substantial amount of user-item interaction data to be effective. To reduce this
dependence, the proposal suggests limiting ourselves to using content-based filtering alone, utilizing
metadata such as course categories, levels, and descriptions, to make recommendations based on user
preferences.

In [20], Yiling Dai explored the role of explanations in improving user satisfaction and learning
outcomes in a math recommender system. Although the study highlighted the significance of
individualized explanations, it did not place a strong focus on metadata usage. Metadata is utilized
comprehensively in the system, serving not only to enhance accurate recommendations but also to
facilitate a better learning experience for the user. Additionally, in a separate article, the authors in
[12] developed a personalized book recommender system that employed collaborative filtering and
Euclidean distance measures. The recommender system’s accuracy was enhanced in this research
work, with a primary focus on the Amazon review dataset, which comprises user ratings and
reviews. Personalization could also be improved by including metadata, such as book descriptions
and their corresponding genres. Zhong and Ding [8] introduced a system that recommends learning
resources based on collaborative filtering. Content recommendations were generated based on
behavioral data, including user interactions and learning patterns. The following issues were to be
addressed in the studies: the cold start problem, data sparsity and diversity, and content-based
filtering.

Research studies presented in this section demonstrate the importance of recommendation
systems as a method for addressing information overload, personalization, and data sparsity issues
in the education field. Collaborative filtering has had a broad application, but it has not been widely
used in cases involving missing data or for new users, as it relies on user Utilization of Metadata
interaction data. It, however, offers an alternative to content-based filtering through the use of
extensive information that makes recommendations in this respect. However, gaps included in:

1. To get proper suggestions, only a minimal number of researchers use metadata, including
levels, classifications, and descriptions, fully.

2. Problem of Cold Start: Content-based filtering addresses the issue of collaborative filtering
methods’ inability to handle new users and objects.

3. Scalability and simplicity: Most solutions are associated with complicated algorithms and
might be challenging to scale and use.

4. Over-reliance on Collaborative Filtering: Many systems rely on information about user
interactions, which makes them useless for courses and new users.
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Recent studies on course recommendation systems have utilized deep learning and hybrid
techniques. For example, Li and Kim (2021) introduced the DECOR model —a deep learning—based
framework capturing both user behavior and course attributes —demonstrating improved accuracy
over collaborative filtering methods [21].

Guruge et al. (2021), in a systematic literature review, highlighted the increasing trend towards
hybrid recommender systems for online courses and noted the advantages in addressing cold-start
issues [22].

A recent approach by Lee et al. (2023) proposed a two-stage collaborative-filtering model
enhanced with item-dependency awareness, achieving a high AUC of 0.97 on real-world course data.
In another hybrid strategy, an AutoLFA model combined autoencoder and latent factor analysis to
boost recommendation performance across multiple datasets [26].

Unlike these approaches, our system uniquely merges TF-IDF for lexical features and BERT
embeddings for semantic understanding, with a Random Forest classifier layered on top. It addresses
cold-start solely via metadata, and includes full deployment as a real-time Flask web application—a
combination not commonly explored in the existing literature.

This study addresses these gaps by developing a content-based recommendation system for
online Al courses using a dataset collected from Udemy. Without relying on information about user
interactions, the system generates precise recommendations by utilizing metadata, including course
titles, descriptions, classifications, and levels. Content-based filtering enables the proposal of recently
uploaded courses based on their qualities, although it does not entirely resolve the cold-start issue.
The system’s efficient and scalable design ensures that it can be used practically in online learning
environments.

3. Theoretical Backgrounds
3.1. Techniques Used in Feature Extraction

Feature extraction is a core process in the Al Course Recommender System, as it converts
unstructured text data into structured numerical data [11]. Through this, the system can quantify
course content and establish similarities among different courses. In this study, two of the most
prominent techniques employed in feature extraction were TF-IDF Vectorization and BERT
Embeddings. To enhance the efficiency of feature extraction, course names and course descriptions
were merged into a new feature called combined content. The merging enables the title keywords
and context information in the description to be utilized for similarity analysis. By combining
keyword-based and semantic approaches, the system can provide more accurate course
recommendations [12].

3.1.1. TE-IDF Vectorization

Term Frequency-Inverse Document Frequency (TF-IDF) is a standard feature extraction
technique in Natural Language Processing (NLP) that identifies the importance of words within a
document and reduces the impact of commonplace but less significant words in distinguishing
meaning [13]. It is very effective for keyword detection that describes course content [12]. TE-IDF has
two main elements. Firstly, Term Frequency (TF) measures the frequency of a word appearing in a
course description relative to the total words in the description. Secondly, Inverse Document
Frequency (IDF) assigns more importance to words that appear in fewer course descriptions so that
commonplace words will not dominate the similarity analysis.

3.1.2. Bidirectional Encoder Representations from Transformers (BERT)

It is a deep learning NLP model that outperforms traditional feature extraction methods, such
as TF-IDF, in terms of word meaning and context understanding [14]. Unlike TE-IDF, which considers
word frequency, BERT learns word relationships within a sentence, such as nuances, synonyms, and
sentence syntax. BERT creates high-dimensional numeric text embeddings in such a way that
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semantically related courses are closer to one another in the vector space, even though they might
not share the exact keywords. One of the most significant features of BERT is that it is bidirectionally
reading, i.e., left-to-right as well as right-to-left, to understand the general context of a sentence. This
represents a significant leap from traditional keyword-based approaches, such as TE-IDF, which
analyze words in isolation without considering their interrelationships [15].

3.1. Random Forest

Random Forest, as illustrated in Figure 1, is an ensemble learning method that constructs
multiple decision trees and combines their predictions to enhance classification accuracy and mitigate
overfitting. It can handle complex datasets and can expand as needed, making it widely used in
machine learning tasks such as classification and regression. Random Forest relies on the concept of
bagging (Bootstrap Aggregating), which involves training numerous decision trees on random
subsets of the data and then aggregating the predictions of these trees to conclude. This enables the
model to be effective in generalization across various datasets, thereby preventing overfitting, a
common problem with single decision trees [16]. The final prediction is performed through a majority
vote when classification is performed or through averaging when regression is performed. Random
Forest is tolerant of noisy data, and it can express complex dependencies among features.

New sample

l l l

Result 1 Result 2 Result 3
| Majority voting / Averaging |

Random forest prediction

Figure 1. Random Forest Classifier.

4. Methodology

This study is planned and organized to create an Al Course Recommender System by using a
machine learning model. Figure 2 illustrates the main steps of the methodology, which include
collecting data, preprocessing it, extracting features using the TF-IDF and BERT embeddings
language model, training a Random Forest classifier to enhance accuracy, training a content-based
model, evaluating the model, and developing the frontend using the Flask web application.

System Architecture

Web Application
Workflow

Recommendation
Generation

Flask Web
Application

7

Load Dataset Btacl By Uoar

Data Cleaning

Handle Missing Values
Remove Duplicates
Clean Numeric Fields

Trained on - P Accuracy
TF-IDF + BERT features an — &l Precision
Find Recall
similar
Courses. Fl-score
e g MSE, and MAE
Cou

TF-1DF Vectorization
Predicts course

similarity

BERT Embeddings
‘Outputs similarity
score for final ranking

Data

2 Features Random
Preprocessing

A Content-Based Evaluation
Extraction Forest Model

6

3 Filtering Matrix

5

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202507.2027.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 July 2025 doi:10.20944/preprints202507.2027.v1

6 of 18

Figure 2. Steps of the methodology.

4.1. Data Collection

The dataset for this study was collected from Udemy, a well-known online learning platform,
and was also gathered using Instant Data Scraper, a web scraping tool. The dataset consisted of Al-
related courses carefully selected to enable the development of a content-based Al Course
Recommender System. The scraping tool, only between 100 and 200 courses could have been taken
out. Due to this limitation, data collection was conducted over ten separate scraping sessions. The
collected files were then combined manually into a single, complete dataset. This dataset contains
important attributes that provide us with helpful information about Al courses, including title,
description, instructor name, and level. It also features key metrics such as course ratings, reviews,
price, and duration, which are crucial for determining a course’s relevance. On a scale from 1 to 5,
the average rating of a course shows how satisfied users are with the course, as in Table 1 below,
which introduces a raw dataset of Al Courses for 2238 rows and 12 columns extracted from Udemy.
This information outlines the requirements for building the Recommender System. In the following
parts of the study, feature extraction, similarity computation, and model training will all be based on
the collected dataset.

Table 1. Raw Dataset of Al Courses.
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4.2. Data Preprocessing

Data preparation is key to ensuring that the dataset is clean, structured, and prepared for feature
extraction and model training. The unprocessed dataset had missing values, duplicate entries,
confused words, and numerical errors. The issues were overcome via the Python language. The pre-
processing methods employed in this research are explained in Figure 3.

1. Loading the Dataset: Loading the dataset using Python and the Pandas library. This allowed for
the handling of course attributes, such as name, description, instructor name, price, and rating.
This step is preparing the dataset for further processing.

2. Data Cleaning: Several steps were implemented to ensure the dataset was consistent and
accurate, including text normalization, removal of extra spaces and special characters, and
standardization of numerical fields. To enable speedier processing, these procedures centered
on standardizing textual and numerical values.

3. Handling Missing Values: While processing the dataset, we identified missing information,
including instructor names and course descriptions, which required correction.

@
Q Q
Preprocessing
Q Q
o

Figure 3. Data Preprocessing Steps.

If an instructor’s name was missing, the course was marked as “Unknown”.
If a course description was unavailable, it was labeled as “No description available”. These
corrections ensured dataset completeness and prevented issues caused by empty fields.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202507.2027.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 July 2025 doi:10.20944/preprints202507.2027.v1

8 of 18

4. Removing Duplicates: A few courses were duplicated due to the combined sessions of scraping.
Initially, used Python’s drop_duplicates() function to remove duplicate values, but some courses
still appeared twice because they had minor differences in other columns. Since those courses
also shared the same URL, we removed duplicates based on their URLs (course-URL). That way,
we ensured that each course appeared only once. Cleaning up these duplicates guaranteed that
the dataset was accurate and well-structured.

5. Text Preprocessing: For the textual processing of the data, we employed natural language
preprocessing to calculate similarities between the course titles and descriptions. The techniques
were:

e Lemmatization & Tokenization: The course names were tokenized into individual words
and lemmatized for the minimization of the words into the most fundamental form (e.g.,
“learning” — “learn”).

e Stop word Removal: The universally present non-descriptive words within the texts’
context were eliminated to make the dataset more informative and efficient for machine
learning models.

These preprocessing steps were crucial for the dataset’s readiness for content-based models,
such as BERT-based embeddings and TF-IDF, utilizing the cosine measure to recommend courses
effectively.

6. Final Dataset and Export: The cleaned dataset will be used for feature extraction and the
development of the recommendation model.his section may be divided by subheadings. It
should provide a concise and precise description of the experimental results, their interpretation,
as well as the experimental conclusions that can be drawn.

4.3. Feature Extraction

Feature extraction is a crucial process in the Al Course Recommender System, transforming
course names and course descriptions into structured numerical features from unstructured data.
Three feature extraction techniques were employed: TF-IDF Vectorization for keyword-based
relevance, BERT Embeddings for deep semantic understanding, and Cosine Similarity to compute
similarity. A concatenation-based approach was used to construct training data for the Random
Forest model.

4.3.1. Term Frequency-Inverse Document Frequency (TF-IDF)

The Textual data about a course was transformed through the Term Frequency-Inverse
Document Frequency (TF-IDF) technique to suggest content-based recommendations in the Al
Course Recommender System. Keywords and contextual data, i.e., main keywords and description,
were preserved due to the concatenation of course titles and descriptions into a single textual
representation. To improve the data, a preprocessing step was employed to normalize the text string
by converting it to lowercase and removing punctuation marks, non-alphanumeric characters, and
stop words.

Subsequently, the processed text corpus was subjected to TfidfVectorizer of Scikit-learn with the
following configuration parameters: ngram_range=(1,2) to combine both unigrams and bigrams to
get a better semantic implementation; min_df=2 and max_df=0.9 to remove the terms that are either
rare or too common; and stop_words="english’ to remove the non-informative tokens. Computing
pairwise cosine similarity scores on the resulting sparse TF-IDF matrix, the system could compare
the textual features of the courses and find how similar their content seemed.

4.3.2. BERT Embeddings

The various number of semantic relations that course descriptions imply was encoded using
Bidirectional Encoder Representations from Transformers (BERT) embeddings. Such contextualized
vector representations of words do not simply conduct keyword matching, but rather provide a
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significantly better understanding of the textual meaning. To return similar courses by calculating
the cosine similarity after embedding with BERT [24]. This similarity measure on the TF-IDF vectors
produced values in [0,1], where 0 meant total dissimilarity and one meant similarity. The cosine
similarity measure was leveraged in a two-stage process: initially, to filter and rank candidate course
recommendations based on textual relevance, and subsequently, to construct labeled training data
for a Random Forest classifier, thereby enhancing the accuracy of the downstream recommendation
model.

4.3.3. Fuzzy Matching for User Queries

To handle misspellings and inconsistencies, Fuzzy Wuzzy was used to match user inputs with
existing course names.ata preparation is key to ensuring that the dataset is clean, structured, and
prepared for feature extraction and model training. The unprocessed dataset had missing values,
duplicate entries, confused words, and numerical errors. The issues were overcome via the Python
language. The pre-processing methods employed in this research are explained in Figure 3.

4.4. Random Forest Model

To further improve course recommendation accuracy from simple similarity estimations, a
Random Forest classifier was integrated into the recommendation pipeline. It was tasked only with
predicting whether two courses were similar or not, based on already-derived numerical features.
The Random Forest classifier was applied to a consistent process for 100 decision trees in ensembling,
which significantly enhanced the model’s generalizability. A random_state of 42 was utilized to
provide reproducible outcomes across multiple runs. The model was trained by fitting a classifier to
the training data. Subsequently, an evaluation was conducted on the withheld test dataset to
thoroughly assess predictive performance and extrapolate the results to new data.

4.5. Content-Based Filtering

Content-based filtering is among the most common recommendation approaches, which
suggests items based on their intrinsic properties rather than user behavior [25]. In contrast to
collaborative filtering, which is user-behavior-oriented, content-based filtering examines course
attributes to identify similarities and, therefore, is particularly suitable for applications where user
interaction data are limited, as shown in Figure 4. Feature extraction is a crucial process in the Al
Course Recommender System, transforming course names and course descriptions into structured
numerical features from unstructured data. Three feature extraction techniques were employed: TE-
IDF Vectorization for keyword-based relevance, BERT Embeddings for deep semantic
understanding, and Cosine Similarity to compute similarity. A concatenation-based approach was
used to construct training data for the Random Forest model.

. / Preferred by user

"' Similar items

Recommended to user

Figure 4. Content-based Recommender System.

Content-based filtering was employed to recommend Al courses based on their textual
descriptions. For the course-name and course-caption features, course names and descriptions were
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merged into a single feature, known as combined content. This means that both title keywords and
description context will be utilized during the recommendation process. Content-based filtering was
chosen in this research due to its scalability, flexibility, and precision in recommending courses.

4.6. Evaluation Metrics

The performance of the Al Course Recommender System is evaluated on various metrics to
decide the effectiveness and accuracy of the course recommendations. These evaluation metrics are
crucial for ensuring that the recommender system provides accurate and relevant course
recommendations [26-29]. The following standard performance measures were used to quantify the
performance of the recommender system:

e Accuracy: is the number of relevant courses predicted correctly divided by the total number of
courses. It provides a rough estimate of the system’s performance. The formula for accuracy is:
TP+TN

A = 1
Curasy = b fFN+FP + TN M

e  Precision: is the number of recommended courses that were relevant. Precision is the proportion
of true positives to all the predicted positive cases. The formula is:
TP
Precision = —— 2
recision TP+ FP (2)
e  Recall: is a metric of the number of correct courses that were correctly recommended. It is the
number of true positives divided by the total number of actual correct courses. The formula is:
TP
Recall = ——— 3
T TPy EN )

e  F1-Score: is a blend of precision and recall, which provides a trade-off between the two. It is most
effective when you need to evaluate the model’s performance, particularly when both false
positives and false negatives are high. The formula is:

2. Precision . Recall

F1 - = 4
score Precision + Recall @

¢  Mean Squared Error (MSE): computes the mean of the squared difference between the predicted
and true relevance values of the courses. It is used to estimate the extent to which the
recommendations deviate from the actual expected relevance. The formula is:

n
1
MSE = ; Z(Yperd - ytrue)z ®)
i=1

e  Mean Absolute Error (MAE): approximates the mean of the absolute error between the estimated
and actual values of relevance

n
1
MAE = E Z |Yperd = Yeruel (6)
i=1

e  Mean Relative Error (MRE): MRE finds the difference between expected values and actual
values, showing it as the number of times the expected value differs. It is good when you need
to see the size of the error relative to the real values, not the error itself.

n

1 5
MRE:_Z Vi yl| ”
=R

4.7. Flask Web Application
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To provide users with an interactive experience, the Al Course Recommender System was
deployed as a web-based application using Flask, a lightweight Python web framework well-suited
for seamless integration with machine learning models and front-end interfaces. The system
architecture follows a three-tiered design: (1) the frontend, developed with HTML, CSS, and
Bootstrap, features a user-friendly input form that allows users to enter the name of a course of
interest; (2) the Flask-based backend handles HTTP requests, manages the recommendation
workflow, and serves the results; and (3) the model integration layer combines BERT embeddings, a
pre-trained Random Forest classifier, and a TF-IDF-based similarity model to generate relevant
course recommendations as shown in Figure 5. Upon receiving user input, the system employs fuzzy
string matching (via FuzzyWuzzy) to correct potential misspellings and map the input to the closest
matching course title. The recommendation engine then computes similarity scores and returns the
top five most relevant courses, each accompanied by metadata such as instructor name, cost, rating,
number of reviews, and a similarity percentage score, thereby enhancing the user’s decision-making
process.

Top 25 Terms Extractted Using TF-IDF

User input
Submit Flask application
course name
Send recommendations

S Match course title
= Send :
g Recommendations Fuzzy matching
o
w Find simi?r courses

z Compute Similarity
Z 2

= I 4
8 g Flask application Retrieves escommendations| BFRTTElet? ef:l ding
=5 Random Forest

E Classifier

Figure 5. Architecture of the Relevant Course Recommendation System.

5. Results and Discussion

This section presents the results of the Al Courses Recommender System, including feature
extraction, model training, and the performance of recommendations, which provides an evaluation
of the system’s accuracy in terms of TF-IDF, BERT embeddings, and a Random Forest classifier. It
will demonstrate a comparison between different methods used for recommendations.

5.1. Results of the Feature Extraction and Representation

We extract features with the course name and course descriptions. The system will be able to
make accurate recommendations based on course content.

5.1.1. TF-IDF (Term Frequency-Inverse Document Frequency)

TF-IDF vectorization produced a matrix that represents the most important terms for each
course. Commonly used terms, such as Al, machine learning, and Python, received high TF-IDF
scores, indicating their relevance to the entire dataset. The most significant terms have been retrieved
and used to define relevance for individual courses about a given user query. Figure 6 illustrates the
top 25 most significant terms that the TF-IDF method extracts. Such terms would help clarify the
keywords that are most important for distinguishing course contents in the system and thus its
recommendations.
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Top 25 Terms Extracted Using TF-IDF
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Figure 6. Top 25 Terms Extracted via TF-IDF.

5.1.2. BERT (Bidirectional Encoder Representations from Transformers) Embeddings

BERT embeddings were generated using a pre-trained BERT model, resulting in dense vector
representations for each course. These embeddings capture much deeper meanings and relationships
between courses, even when different phrasing is used in their content. By using cosine similarity,
we visualized the similarity between courses based on their BERT embeddings, which further
enhanced the performance of our recommendation system. Figure 7 shows the visualization of cosine
similarity between five courses using BERT embeddings. The heatmap reveals how courses with
similar content are grouped, improving the recommendation system’s ability to suggest courses
based on a deeper understanding of their content.
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Figure 7. Course Content Similarity using BERT Embeddings.

5.2. Model Training and Evaluation
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The model was trained using a Random Forest classifier, utilizing TF-IDF and BERT embeddings
to predict course relevance based on cosine similarity. Key performance criteria were the primary
focus of the study, which evaluated the efficiency and accuracy of the recommendation system. As
shown in Figure 8, the model achieves a 91.25% accuracy rate, demonstrating its ability to suggest
relevant courses effectively.

Prediction Accuracy Distribution

Incorrect Predictions

91.25%

Correct Predictions

Figure 8. Model accuracy visualization.

5.2.1. Performance Analysis

Performance evaluation metrics of the introduced model are depicted in Figure 9, including
Precision, Recall, F1-score, Mean Squared Error (MSE), and Mean Relative Error (MRE). Together,
these metrics evaluate regression reliability and classification accuracy, offering insight into the
model’s performance. With a high Precision of 96.63, the system showed that most of the
recommendations were, in fact, appropriate to the user’s input. In recommendation systems, where
it is costly to display ineffective items, this is crucial. The system effectively recovered a significant
percentage of all relevant courses, as indicated by a recall score of 85.57. However, there is still a need
for improvement. A balanced performance between accuracy and completeness in course retrieval
was demonstrated by the F1-Score, which is a harmonic mean of Precision and Recall, which was
90.77. A recommender system tries to assess the similarity between courses. MSE and MAE describe
the overall difference, but MRE helps you find mistakes for each similarity group and thus allows
you to keep the quality of the ranking in recommendations. The Mean Squared Error (MSE) for the
regression-based evaluation was determined to be 0.1012, indicating a minimal variance between the
actual and displayed course similarity scores. In addition, the Mean Relative Error (MRE) of 0.6257
indicates possible areas for improvement in the estimation of similarity values.

This suggests that even if the model classifies relevant courses correctly, it may be able to
improve the accuracy of similarity score predictions through tuning, particularly for use cases that
require precise ranking. The hybrid model, BERT embeddings, TF-IDF similarity, and a Random
Forest classifier show generally practical classification skills. These results highlight the system'’s
potential for use in actual educational platforms and validate its reliability in providing relevant
course suggestions.
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Figure 9. Model Performance Metrics.

5.3. Deployment of the Flask Web Application

A course recommender system is implemented using a web-based Flask application that
generates real-time recommendations and dynamic interaction with users. This section describes the
visualization of recommendation results and model evaluation metrics. Upon receiving a course
name or keywords related to it, the input is processed by an integrated TF-IDF and BERT model to
provide recommendations regarding the course. Consequently, an update is made dynamically on
the interface displaying the results and model performance metrics of relevance, including course
details such as the instructor, price, ratings, and similarity score. Figure 10 illustrates the application’s
interface after a query is processed, presenting the results and associated performance metrics. It

highlights the system’s responsiveness and ability to offer the user instant.

Al Course Recommender

Find Your Course
Recommen

”

Recommended Courses

Recommender Systems and Deep The Ultimate Beginners Guide to Python for Data Analysis &
Learning in Python Python Recommender Systems Business Intelligence

Instructor: Jones Granatyr, Al Acadermy Instructor: Maven Analytics, Chwis Bruehi
Price: 44.99 9.99

Building Recommender Systems. Data Mining for Business Analytics
with Machine Learning and Al & Data Analysis in Python
Insiructor: Sundog Education by Frank
Kano, Frank Kane, Sundog Education

Model Evaluation Results

Accuracy: 0.9025
Procision: 0.0318
Recall: 0.8586

F1 Score: 06037

MSE: 0.108411

MAE: 0.28185

Figure 10. The Application’s Interface.

5.4. Comparing the Proposed System with Other Recommenders

To better demonstrate the effectiveness of the Al Course Recommender System, we conducted
comparisons with other existing systems designed for educational or course recommendation
settings. All the models were trained on the same Udemy Al courses dataset and given identical
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preprocessing and test splits. Table 2 gives together the results of Accuracy, Fl-score, and Mean
Squared Error.

Table 2. A comparative analysis between the proposed model and the state of the art based on different

measures.
Study Accuracy F1-score MSE

Proposed system 91.25 90.77 0.10

[8] 81.9 79.4 0.18

[25] 88.2 86.7 0.13

The hybrid proposal yields better results than traditional collaborative filtering, which relies
heavily on users’ past actions. It works exceptionally well when you have to handle a lot of new
events at once, such as when Al course platforms are used every day. Despite utilizing deep learning,
DeepFM requires a substantial amount of interaction data to realize its potential fully. Instead, our
approach utilizes context-focused keyword relevance (TF-IDF) in conjunction with BERT-generated
semantic embeddings, as well as Random Forest classification. As a result, it achieves both good
results and generalization, without requiring extensive user history.

5.5. Use Case Scenario

To demonstrate the practical use of the proposed system, a preliminary user study was carried
out with five undergraduate students without any knowledge of Al. Specifically, each participant
was required to fill in a few specific keywords of interest that he or she was learning (e.g., “deep
learning,” “Al for beginners,” “Python for ML”) within the web-based system. The system found
relevant Al courses in seconds, with each user including at least one course from the top 5
recommendations. Feedback was gathered via a brief Likert-scale form (1-5), asking students to rate
ease of use, relevance of recommendations, and interface. Summary of participants’ responses is
shown in Table 3. Average satisfaction score was 4.6/5 with majority of users finding the
recommendation “very relevant” to their goal. These preliminary evaluations evidence good
usability and foster deployment in academic advising systems or university course portals.

Table 3. Summary of questionnaire responses from pilot participants (1 = lowest, 5 = highest).

. Relevance Satisfaction
Participant Ease of Use (Q1) (Q2) (Q3)
Student 1 5 5 5
Student 2 4 5 4
Student 3 5 4 4
Student 4 4 4 5
Student 5 5 5 5

6. Conclusions and Future Works

We introduced a hybrid Al course recommendation model which uses machine learning
algorithms to improve personalized course recommendation. The system integrates TF-IDF for
lexical-based features representation and BERT embeddings for deep contextual- based semantics,
and classification is addressed using a Random Forest model. The proposed model attained 91.25%
accuracy, 96.63% precision with Fl-score 90.77% demonstrating the effectiveness of this model in
matching user input with the relevant course. Feature-rich web application built with Flask, offering
dynamic, interactive course recommendations in real-time via an intuitive user interface. One of the
main limitations of this work is the use of a single source dataset extracted from Udemy, which might
reduce the diversity of the model that can be generalized. Training Random Forest classifiers on such
data may lead to over-fitting, and this in turn may influence recommendations of courses on unseen
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and wider topics. Next, one could explore enriching the dataset by adding courses from different
platforms of online learning, or introducing regularization and cross-validation to improve the
robustness of the models, or incorporating more sophisticated transformer-based models (e.g., fine-
tuned BERT or GPT) to increase the adaptability of recommendations.
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