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Abstract— Massive Open Online Course (MOOC) is a type 

of online course that has been designed and can be accessed by 

all individuals via the internet. The problem that is often found 

in MOOCs is the lack of a recommendation system provided by 

the algorithm of the MOOC. This research is conducted to 

analyze a recommendation system that applies the Content 

Based Filtering approach in order to solve the problems that 

occur. The recommendation system analyzed will function as a 

media that provides recommendations to users based on their 

preferences. By utilizing content-based methods, the 

recommendations given are expected to be exactly what the user 

wants. The level of explainability of the recommendation system 

is further emphasized by XAI using ELI5. By getting a concise 

explanation when a recommendation is given, the system will 

gain more trust from users for providing an appropriate 

recommendation. The assessment of the accuracy of the 

recommendation system model is measured using MAE. By 

researching this recommendation system using XAI, it is hoped 

that it can help future systems to improve the quality of the 

course recommendation system. 

Keywords—MOOC, content-based filtering, XAI, 

recommender system 

I. INTRODUCTION 

Massive Open Online Course (MOOC) is a type of online 
course that has been designed to be accessible to all 
individuals via the internet. MOOC is a development in the 
field of online education, which has gained significant 
spotlight and popularity in the early 2010s[1]. MOOC has 
several courses that do not charge any fees to all users from 
all walks of life which makes MOOC has more enthusiasts 
compared to other online learning platforms. The problem 
obtained in this MOOC is the lack of a recommendation 
system provided by the algorithm of the MOOC [2]. 

This is because the effectiveness of a recommendation 
system owned by MOOC depends on the quality of the data, 
the sophistication of the algorithm, and also the match of 
recommendations with the preferences of each user. 
Recommendation systems have become very popular lately 
and are used in various web-based applications. The 
recommendation system is a system used to provide 
suggestions related to the needs of users of the application or 
website. The advice given by the recommendation system is 
also not fixated with one aspect. A recommendation system 
usually focuses on a particular topic to issue recommendations 

that have been tailored to provide useful and appropriate 
suggestions to its users [3].  

Recommender systems generally have three modeling 
categories that can be used, including Content Based Filtering 
(CBF), Hybrid Recommender System, and Collaborative 
Filtering. The CBF method is also based on information 
retrieval. Another name for CBF is Cognitive Filtering. This 
method will provide suggestions related to items based on the 
user's profile or user's item profile. The customer's profile will 
be created when the user turns on the system. The system will 
collect all items from the user and will recommend the items 
after analyzing the features of the items and users [4]. All 
items that have been recommended are items that have 
similarities to all items.  

items that have been bookmarked by the user and have 
similarities with items that have been browsed by the user 
before. In CBF, item description and user profile have high 
importance. The CBF method also relies on the choices of the 
user [5]. The item description and orientation of the user 
profile have a very important role in the CBF method. This 
method will provide recommendations based on similarities 
with previously explored items. CBF has the ability to provide 
a personalized recommendation based on item characteristics 
and user preferences. CBF utilizes item features and user 
profiles in providing recommendations, so CBF has the ability 
to provide recommendations without relying on historical user 
data. CBF can also provide an explanation for a 
recommendation by highlighting features and attributes that 
contribute to the recommendation [6]. 

A similarity of two vectors will be measured using cosine 
similarity. This matrix will work by measuring the cos of an 
angle between the two documents in the vector. The angle 
between vectors will determine whether the vectors will point 
in the same direction or different directions [7]. If the vectors 
point in the same direction, then it can be interpreted that the 
documents are similar or similar, the closer they are expressed 
on the axes, the more similar they are. Conversely, the further 
away the axes are, the lower the level of similarity. Each 
document used for comparison will be presented in space as a 
plot, and has cosine similarity to capture the orientation of 
these plots [8]. 

By using cosine similarity, determining the orientation of 
a document can be done sequentially to determine the 
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document quantity. Furthermore, all algorithms will be 
evaluated using a structured framework or methodology that 
is often used to assess, analyze, and measure the performance, 
effectiveness, or quality of a system, process, service, or other 
subject of interest. Model evaluation is usually used to make 
decisions and improvements based on objective data and 
criteria [9]. Model evaluation is also an important process that 
can help someone to understand more about the development 
of models and systems that have been made in order to 
produce predictions that are expected beforehand. Mean 
Absolute Error (MAE) is a method used to measure the 
accuracy of a model. MAE is also a measure of the average 
error in a set of predictions. It is measured as an average 
absolute difference between the predicted and actual values 
and will be used to assess the effectiveness of the regression 
model [10]. This evaluation method is easy to understand and 
is often used to assess the accuracy of predictions.  The value 
that will be generated from MAE will show the average 
absolute or absolute error of the true value. MAE will later 
calculate the evaluation of the value generated by the 
modeling before it is given to the recommendation system 
[11].  

II. METHODOLOGY 

The entire process carried out in this research shown in 
Fig. 1. The research work is to implement a MOOC 
recommendation system by using the Content Based Filtering 
method and using Cosine Similarity to calculate the similarity 
between documents and then evaluated using Mean Absolute 
Error. 

 

Fig. 1. Methodology flowchart 

The model will perform several stages to reach the 
expected results, starting from collecting documents obtained 
from the Kaggle website with a dataset consisting of 3678 
data, then the preprocessing will be carried out to sort the data 
to only use several attributes that will later be used in the 
model, after preprocessing is complete, the model will 
continue by calculating Term Frequency (TF) on the data that 
has been preprocessed, the purpose of this TF calculation is to 
give weighted values to each word contained in the dataset, If 
the TF calculation is complete, it will be continued with the 
calculation of Inverse Document Frequency (IDF) before 
continuing it to Cosine Similarity (CS), in the CS process all 
the data that has been given a weighted value by TF will be 

processed for the similarity values between words, the CS 
process occurred here is very important because the results 
will determine on how accurate the recommendations will be 
given by the model later, then after the model issues a 
recommendation, an evaluation will be carried out using Mean 
Absolute Error (MAE) to calculate how much error is 
contained in the model. 

 

III. RESULTS 

The research results consist of Exploratory Data Analysis 
(EDA), MAE calculation results, TF-IDF - Cosine Similarity 
calculation and XAI explanation from the Udemy Courses 
dataset totaling 3678 course titles provided in the following 
link: https://www.kaggle.com/datasets/andrewmvd/udemy-
courses . The whole process is carried out in stages to finally 
be issued by the recommendation system with the Content 
Based Filtering method. 

The recommendation system experiment based on 
combined features will focus on several attributes contained 
in the dataset shown in Table I, namely course_title, subject, 
level, num_subscribers, is_paid, and content_duration.  

• Course_title  

This attribute will be used to measure the similarity 
of each course title contained in the dataset. For 
example, if the course title being viewed by the user 
contains the word "Python" then the 
recommendation system will provide the user with 
courses with titles that have other "Python" words. 

• Subject 

This attribute will be used to perform clustering of 
the titles contained in the dataset. There are four 
parameters in this indicator, namely Business 
Finance, Graphic Design, Musical Instruments, and 
Web Development. 

• Level 

In this attribute, there are four main parameters, 
namely Beginner Level, Intermediate Level, Expert 
Level, and All Levels. 

• Num_subscribers 

This attribute will be used in modeling to make it 
easier for the system to provide recommendations 
from the number of subscribers contained in each 
course. 

• Is_paid 

In this attribute there are two main parameters, 
TRUE and FALSE. TRUE means the course to be 
taken is paid and FALSE means the course is free. 

• Content_duration 

In this attribute there is data from the duration of the 
course that will be taken by the user. So the modeling 
will use the duration data to provide 
recommendations according to the duration that is 
often taken by users in choosing a course. 

In this experiment, preprocessing will be carried out first 
and calculating TF - IDF and CS then the Recommendation 
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System based on Combined Features. The preprocessing in 
this experiment is combining the selected attributes namely 
course_title, subject, level, num_subscribers, is_paid, and 
content_duration into a new string and add it to a new column 
namely combined_features to the DataFrame 

TABLE I.  DATA ATTRIBUTES BEFORE PREPROCESSING 

Before Preprocessing 

course_t
itle 

subject level 
num_subs

cribers 
Is_p
aid 

Content_d
uration 

Python 
Program
ming for 
Beginne

rs 

Program
ming 

Begi
nner 

20000 
Tru
e 

6.5 

TABLE II.  DATA ATTRIBUTES AFTER PREPROCESSED 

After Preprocessing 

combined_features 

Python Programming for Beginners Programming Beginner 
20000 True 6.5 

 

 Table II, shows that the attributes are merged into a new 
attribute called combined_features. This process helps the 
model to give a better recommendation compared to using 
only one attribute at the time such as only the course_title or 
any other attributes.  

After preprocessing the model will calculate the TF – IDF 
and the Cosine Similarity value, lastly the model will give an 
output for the course titles that have similarities with the titles 
inputted by the user based on the attributes shown in Fig. 2. 

 

Fig. 2. Similarity score output for Combined Features 

The output shows that the model provides 10 
recommendations with the highest to lowest scores. Please 
note that the similarity_score has been calculated previously 
using TF - IDF and CS also based on the attributes that have 
been determined, and it can be seen that there is 1 title that has 
perfect similarity with the title "Introduction to Web 
Development", this is because the title "Introduction to Web 
Development" there are 2 in the dataset used, thus making the 
similarity score worth 1. And followed by the title "Beginners 
Introduction to Web Development" which has a 
similarity_score of 0.844288.  

Model testing of each experiment will be carried out using 
the Mean Absolute Error (MAE) evaluation which serves to 
find the error value of a model. The value of MAE has an 
uncertain range, which is from 0 to infinity. The more the 
MAE value approaches 0, the better the model that has been 
assessed using MAE. MAE evaluation will be conducted for 
each recommendation system experiment, MAE will evaluate 
the similarity of course titles. To perform evaluation using 
MAE, a user interactions simulation must be created to 
simulate user interaction with the course. In this research, user 

interactions will randomly select a number of courses that 
interact with each user, then simulate the actual user behavior. 
After providing recommended courses to the user, the system 
will perform a comparison between the recommended course 
and the course that the user is currently interacting with. The 
model calculates the MAE value by comparing the binary 
indicator values, 1 for recommended courses, and 0 for non-
recommended courses, for each course. If a recommended 
course is the same as a course that the user is currently taking, 
then the course will contribute 0 to the MAE because the user 
has already taken the course.  

Fig. 3. MAE output for Combined Features 

And the output generated by MAE on modeling the course 
title-based recommendation system alone is 0.98 as shown in 
Fig. 3, which indicates that, on average, for each simulated 
user, the course recommendation provided differs from the 
course that the user is actually interacting with by about 0.98. 
After that, XAI integration will be done to determine the 
weight of a feature contained in the dataset used in making a 
prediction by showing the importance of each feature in the 
decision-making process using ELI5. This process is assisted 
by using train_test_split from the sklearn.model_selection 
module, RandomForestRegressor from the sklearn.ensemble 
module, Pipeline from the sklearn.pipeline module, and eli5. 

Fig. 4. ELI5 feature importance steps 

The flowchart in Fig. 4 explains the process of XAI ELI5 to 
get the value of feature importance. The steps taken are: 

• Model Training: Train a machine learning model 
on the dataset. 

• Baseline Score: Calculate initial performance 
metrics of the model on the original dataset for each 
feature will be performed. 

• Shuffle Values: Randomizes feature values while 
keeping other features unchanged. 

• Calculate Model Performance: Train the model 
using the randomized dataset and calculate model 
performance metrics. 

• Compute Decrease in Performance: Calculating 
the performance metric degradation caused by 
Shuffle Values. 

• Repeat for Multiple Iterations: Repeating the 
process for several iterations to get the distribution 
of performance score reduction. 

• Calculate Mean and Standard Deviation: 
Calculating the mean and standard deviation of the 
decrease in performance scores. 

• Permutation Importance: Calculating permutation 
importance for features. 
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Fig. 5. ELI5 feature importance output 

In the output that has been given in Fig. 5, it can be seen 
that the word "development" and followed by the word "web", 
the word "development" has the highest importance weight 
with a weight of 0.5264 and an uncertainty of 0.9914. 
Uncertainty in the XAI output represents the standard 
deviation associated with the weight of the feature. And for 
other features have a much smaller weight, indicating that 
these features have less importance in predicting the intended 
variable, namely the number of subscribers. 

Result analysis is the last stage that must be done in a 
study. At this stage, a comparative analysis of the results of 
experiments that have been carried out on the 
recommendation system using the content-based filtering 
method will be carried out. The results obtained from the 
various experiments conducted are that each model has 
different similarity_score results in each experiment, based on 
the course inputted by the user, namely "Introduction to Web 
Development", the combined features experiment has the 
second largest recommendation result with a recommendation 
score of 0.844 which is greater than the course title experiment 
0.811, and the course subject title 0.826.  The difference in 
value in each experiment is due to the different attributes used 
in each experiment. For experiments that only use course title, 
the attribute used is only course_title, then for experiments 
that use course title and course subject, the attributes used are 
course_title and subject, and for combined features 
experiments, the attributes used are course_title, subject, level, 
num_subscribers, is_paid, and content_duration. The 
difference in the use of attributes is what causes the difference 
in the similarity_score value issued in each experiment. 
However, each experiment still has an error value or MAE 
which means that there are still errors that occur in each 
experiment conducted. This can be overcomed by several 
things, one of which is creating user interactions based on real 
user behavior, using historical data to get data containing 
actual user behavior, and others. 

IV. CONCLUSION 

In the research on Modeling MOOC Course 
Recommendation System with Explainable AI (XAI) Using 
Content Based Filtering Method, it can be concluded that 

based on experiments that have been carried out in several 
scenarios using a dataset of 3678 data, the similarity_score 
level of the combined features experiment is greater than the 
course title experiment, and the subject title. The difference in 
each experiment is caused by the use of attributes as a 
reference for the recommendation system experiments carried 
out, where in the combined features experiment, the attributes 
used include course_title, subject, level, num_subscribers, 
is_paid, and content_duration. Whereas in the course title and 
subject title process only uses course_title, and subject 
attributes. So that the value of the similarity_score issued by 
the combined features will be greater due to the wider use of 
attributes.. 
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