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Abstract

As the speed of the Internet and processing capacity have increased, online courses have
become more common in today's educational system. While there is more information than
ever before, it is becoming more difficult to find useful course materials. When it comes to
reducing the stress brought on by too much data, online course recommendation systems
(OCRS) are invaluable due to the ease with which users can find relevant information among
thousands of records. Furthermore, new research in the area of OCRS have been made in recent
years because of their enormous usefulness. This research provides comprehensive review of
OCRS. The finding highlights recent advancements in recommendation algorithms and related
studies.
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I. Introduction

Due to the rapid development of internet, several online education platforms have emerged in
recent years. Numerous people utilize these sites since they provide useful content in
abundance. An area that has benefited greatly from COVID-19. Influence is the rapidly
expanding field of online education throughout the globe. Daily users of Coursera, edX,
XuetangX and other comparable online education sites reach 10 million. Since the advent of
online education, traditional methods of instruction have been rethought, and now students
have the freedom to study whenever and wherever they choose to update their knowledge.
When it comes to upgrading one's education and acquiring new skills, online learning has
emerged as a major paradigm shift and technological tool.

However, in recent years, a plethora of learning options and curricular options have evolved
on the online education platform. Students may find it difficult to follow along in such large
courses, and there might be other disadvantages as well. While courses in traditional training
programs tend to be linear and repetitive, online education platforms often provide students
with the different level of effective learning guidance or curriculum planning for various
courses [1-5].

The needs of the students may be better understood and individualized instruction can be
provided if the online education platform can understand the students' interest. Traditional
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interest-mining methods for addressing this problem focus on either the discussion area themes
or the courses that students are most keen to take. Multiple online education groups in the US
and other countries including India are investigating this problem and shared their findings.
Although many studies have been evolved in recent years, it is still common to practice base
course suggestions on students' showing interests and the results of big data analytics of popular
courses. The results of the suggestions are helpful, but they do not aid students' general learning
processes.
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Fig 1. Recommender System [7]

Information overload has been reduced due to widespread use of personalized recommendation
technology across a wide variety of media. Various types of media include newspaper
headlines, online available internet videos, available short films, etc. [8].

OCRS as shown in Fig 2. are now available to help individuals in their day-to-day lives. Online
retailers' product suggestions, movie and music critics' recommendations, hotel reviewers'
recommendations, and so on are just a few examples. These suggestions not only entice new
users to sign up for the websites but also facilitate their use, which might result in more
individuals making purchases on the sites. Even among these well-established fields, course
recommendation is seen as a difficult topic that hasn't received enough attention. There are
usually a large number of elective courses offered each semester, requiring students to commit
a significant amount of time to explore their options, however, it is possible that they will not
be able to explore all of them.

User Input

Fig 2. A Simplified OCRS Architecture- Block Diagram

Received: July 18, 2025 3340



International Journal of Applied Mathematics

Volume 38 No. 11s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

According to our findings, several methodologies and/or algorithms have been proposed for
course suggestions. Rule mining, collaborative filtering, and content-based recommendation
are only a few examples of the approaches and/or algorithms used. We advocate in particular
for the deployment of an academic record-based user-profiling recommender system.

The organization of this paper is as follows. In section Il presents literature review on related
work on course recommendation systems.  Section 1l presents classification of
recommendation systems. Section IV presents a recapitulation of recommendation systems in
education. In section V methodology and in section VI proposed OCRS is presented. Section
V11 contains results and section V11 concludes the paper followed by references.

Il.LITERATURE REVIEW

Some of the researcher’s outcome [1-16] that helped us to have deeper understanding of Online
Course Recommendation Systems are as follows:

Chang et.al [1] describe a two-step process for recommending courses to college students,
including a filter based on instructor evaluations and a mechanism for estimating how well
students will do in certain classes. Data sets gathered from students and teachers are evaluated
using the mean average error and confusion matrix analysis. For students with a B+ average or
above, the suggestion approaches were most effective. Students no longer depend on word of
mouth as a criterion for appropriately informing them about the courses to choose in which
they may display superior ability and interest, as this was necessary before the introduction of
flexible curriculum systems and a large range of courses. The three main approaches used are
collaborative filtering, associative rule-based categorization, and content-based systems. On
the other side, this strategy aims to boost students' numeric literacy via inflated grades,
specialized departments, and the eradication of badly taught courses through quality assurance
checks.

Wang and Shao [2] Used the Hierarchical Bisecting Medoids algorithm to categorize users'
navigation experiences over time, and association mining to analyze those sessions to provide
recommendations for the future, the team was able to develop a model for a personalized
recommendation system for websites. Thus, their method successfully enhances the quality of
suggestion services. Using an online marketing dataset, introduces a unique recommendation
system by classifying users, vendors, and products with the use of Self-Organizing mapping
neural networks (SOM) and identifying important patterns with the aid of association rule
mining. This strategy effectively addresses the issue of user dispersion.

Kang, Wang et.al [3] emphasized on the fact that recommendations shouldn't be taken at face
value. The proposed algorithm propagates the rationale that requires a database search in
response to certain inputs. Instead, it lends credence to the idea that the past may inform the
present. According to the author, the best recommendation system should be content-based.

Saeed et. al [4] provided a way for students to identify the courses that would benefit them
most academically based on current level of knowledge and experience.
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Srivastava et.al [5] provide an approach that uses the academic history of individuals with
comparable interests to recommend courses of study at the college level. To find commonalities
across seemingly unrelated groups, the suggested method makes use of an association rules
mining approach. It suggests courses to take and the minimum grade required to pass them. If
they get a high enough score, the system will let them sign up for the suggested class. Electives
are often selected from a predetermined list, and students frequently consult with others who
have taken the course before them for guidance help students make cross-disciplinary academic
connections.

Al-Badarenah and Alsakran [5, 6] highlights students benefit from a collaborative course
recommender system that takes their preferences into account when making suggestions.
Students with similar characteristics were first clustered using the K-means algorithm, then
association rule mining was performed for each cluster, and finally, the K-nearest neighbor
method was used to determine which cluster had the most information that was similar to the
target student.

Murugappan, Rodriguez et.al [8] proposes an ML-based recommender system for e-learning
that uses sensor-tracked eye movements and navigation data to personalize content. It
improves quiz performance (75.92% post-search) and achieves 27% precision, though RMSE
rises with user volume.

Aher et.al [9] proposed eLearning system's algorithm which determines the best possible
combination of subjects for each learner. They serve as a basis for the study's E-learning
system's course suggestions. The technigque requires data collection from students, such as
course selection. After amassing data, many algorithmic permutations are used, and their
contribution to the recommendation process is assessed. The architecture is outlined, and
preliminary usage of association rule mining is shown.

Sundar, Shreya et.al [10] argues that the existing enroliment system hinders students' ability
to choose courses that best suit their requirements, and highlights the need for recommendation
technology in solving this problem. Developing this technology for use in recommending
courses has been the subject of recent studies. In this research, the popular collaborative
filtering technique based on items is altered. Using the core modules that a student has already
selected; the proposed recommender system provides suggestions for electives.

Afoudi, Lazaar, Achhab et. al [11] call for Self-Organizing Maps (SOM) and data mining to
be used together in a recommendation system. They employed SOM neural networks to
classify the 850 students taking part in the study into similar groups and then used the Apriori
method to establish rules of connection between the classes.

Aher and Lobo [12] suggested E-Learning System with a variety of machine-learning
approaches to provide course recommendations based on past student activity using Apriori
and k-means algorithms.

Ting Jin [13, 41] This research explores the use of machine learning (ML) techniques,
including PCA, k-NN, SVR, and ANN, to assess the effectiveness of moral education programs
in universities. The study finds that academic skills in mathematics, reading, and writing
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strongly correlate with ethical reasoning, suggesting interdisciplinary learning benefits. Among
the models tested, SVR performs best in predicting moral reasoning, while k-NN shows higher
errors. Additionally, female students tend to score higher in moral assessments than males. The
findings advocate for Al-driven tools to enhance objectivity and scalability in evaluating moral
education, recommending further research into cultural influences and advanced ML models
for improved accuracy.

The above studies reflect techniques that include collaborative filtering, machine learning,
neural networks, and hybrid models. These approaches enhance online course
recommendations. They use personalization, clustering, and academic performance analysis.

All above cited research studies emphasized the need of enhancing course recommendation
systems using collaborative filtering, content-based filtering, rule mining, and machine
learning. These techniques help in improving personalization, scalability, and academic
relevance using advanced algorithms and hybrid approaches.

I11.  CLASSIFICATION OF RECOMMENDATION METHODS

OCRS is a machine learning tool to suggest relevant items to users. Suggestions are based on
preferences and behavior. OCR are categorized into types. Choice of system depends on data
available and application requirements. Each has its advantages and challenges [14,15,16].

Types of OCRS:

' Recommender

 systems
| Content Based ~ Collaborative , |
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Fig 3. Recommender system types
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Fig 4. Course content-based recommendation
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As projected in Fig 4. items that are similar to the ones a candidate has shown interest in the
past are recommended here. As an example, consider a recommender system that employs a
content-based strategy for making course recommendations to students. The support formula
[17] shown in equation (1) is:

A (B, D) = (U_Categories N C Categories) .................... 1)
> C Categories
Where:

* A (B, D) = Probability of a user (B) liking a course (D)
» U_Categories = Set of all categories preferred by the user

» C_Categories = Set of all available courses categories

The returned value will be a whole number between 0 and 1, with 1 indicating a perfect match.
Working:

1. Numerator (U_CategoriesNC_CategoriesU_CategoriesNC_Categories) — This finds
the overlap between the categories Karim likes and the categories associated with course D.
Example: If Karim likes "Big Data" and "Distributed Systems”, and course D is tagged
under "Big Data", then the intersection is "Big Data". The numerator counts how many such
matching categories exist.

2. Denominator (C_CategoriesC_Categories) — This is simply thetotal number of
categories associated with course D.

3. Final Probability — The system divides the number of matching categories by the total
categories of course D, giving a value between 0 (no match) and 1 (perfect match).

For example, suppose Raju’s preferred categories (from his courses): {"Big Data", "Distributed
Systems"}, Course D’s categories: {"Big Data", "Cloud Computing™}

Then:

e Matching categories (Numerator): Only "Big Data" — 1
e Total categories in Course D (Denominator): 2

e Probability A (B, D) =12=0.5A (B, D) =21=0.5

This means Raju has a 50% match with this course.

A: Collaborative Filtering (CF)

As the name justifies the collaborative here “indicates” similar customers sharing the same
interest. For instance, Amazon, which is among the most popular online stores, has its
recommendation engine. When one shops on Amazon, one gets recommendations for related
products after you make a purchase. If we take the context of online education as an example,
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a course recommendation system might offer a course to a student based only on the
evaluations of other students with similar demographics.

Raw Input Data

Data Interpretation
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Fig 4: Flowchart
Steps
1. Input Data: The raw input is parsed (e.g., user’s courses or interactions).

2. Data Interpretation: Option 1: Treat duplicates as weighted preferences (e.g., "Mobile
Communication" listed twice — higher interest). Option 2: Use each line as a user-course
interaction for collaborative filtering.

3. Preprocessing: Extract categories from course names (e.g., "Digital Communication" —
"Networking").

4. Matching & Probability Calculation: Apply your formula to compare user preferences
(U_Categories) with new course categories (C_Categories).

5. Output: Rank courses by probability scores (0 to 1) and recommend the highest matches.
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There are two considerations here. First consideration to compute how similar two users are,
and in the second consideration estimate how likely it is that a user would like a certain course.

a) Calculate the similarity value: First step is that similarity between users may be determined
not only by whether or not they have a liking for the same course but also by whether or not
they share a hatred for the same course. Therefore, the system must account for users with
divergent tastes, such as when one user appreciates a certain course while another does not.
Use the following formula [18] of Jaccard Similarity Index and Simple Matching Coefficient
(SMC) given in equation (2) to determine this:

K(NT,N2)=(ISTNS21+IMINM2I-ISTNAM2I-1S2AM2I) eeveeereeneanin... )
[STUS2UMIUM2|

Where:

» K (N1, N2) = Similarity between two users
* S1 = Likes of the user

* S2 = Likes of another user

» M1 = Dislikes of the user

» M2 = Dislikes of another user

In the second step, the pair adds up their mutual dislikes to their likes from the previous stage.
In the second phase, we get rid of the competing flavors. This is accomplished by first
calculating the number of shared classes that both users love, and then subtracting that number
from the number of shared classes that neither user enjoys. The number of courses that were
liked and disliked by consumers together constitutes the denominator.

b) Probability of a user liking a certain course: By looking at user trends, we may estimate how
much interest a user will have in a certain class. The following [19] equation (3) is taken into
account:

FY,S)=(SL=SD) covvveevreeenn 3)

(FL+ Fp)
Where:
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* F (Y, S) = probability of a user () liking a certain course (S)

« SL = sum of the similarity with all the users that like this course

* Sp = sum of the similarity with all the users that dislike this course
* FL = number of users who like this course

* Fp = number of users who dislike this course

Here, we use the formula from the introduction to determine the user's degree of resemblance
to everyone who approved of a certain course, then deduct it from their degree of resemblance
to everyone who disapproved of that course

Hybrid Recommendation Methods

Hybrid recommendation system aims to address the issues experienced by the aforementioned
approaches. Multiple methods of recommending actions are used. There are many popular
hybrid methods, but the two that get the greatest usage are content-based and collaborative
filtering. For instance, a hybrid course recommendation system as shown in Fig 6, makes use
of content analysis and collaborative filtering. As a part of content-based & collaborative
filtering, user ratings in aggregate and the elements substance are taken into account. In general,
the hybrid recommendation system aims to address the issues experienced by the
aforementioned approaches [20, 21].

Content-based
interest Filtering

$

Hybrid
H Recommendation »

Researcher Papers
I Papers recommended
item ratings Collaborative
Filtering

Fig 6. A Hybrid course recommender system [21]

Ultimately, the most precise filtering approach will be a combination of content-based and
collaborative filtering.

F (Y, S) = Content based N Collaborative filtering

When compared to content-based techniques, collaborative filtering is more challenging to
execute. The likelihood that a user will like a course can only be estimated after first
determining how closely they resemble the course's ideal student [22, 23].
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IV. RECOMMENDATION SYSTEM IN EDUCATION

The importance of recommender systems for educational resources is growing as a result of
the personalized and relevant content they provide to students. Approaches based on artificial
intelligence have the potential to aid in this area since they may be designed to emulate human
decision-making and reasoning processes, therefore lowering the threshold for effective
learning for a setup that guarantees continuous education. It's challenging to transfer a proposal
from one suggestion system to another because of how dependent these systems are on their
respective domains. As a result, recommender systems have the challenge of better
understanding the learner's interest and the domain's aim. As shown in Fig 7. to aid teachers in
assigning appropriate courses to individual students, we built an association mining-based
recommender that takes into account the performance of both the individual student and other
students with comparable characteristics. It was recommended that program completion rates
be measured via the use of a course recommendation system. Those students who have yet to
complete their course of study will be encouraged to do so. The ontology-based technique used
to generate the recommendations is restricted to a single curriculum, and the advice is provided
in the middle of the program rather than at the outset. To tailor students’ E-learning experiences,
an ontology-based model was released to provide recommendations for content based on
individuals past tastes. This approach is limited to learning objects and has the same cold start
problems as previous implementations.

Provide
guideline

Analyze
course
history

Fig 7. The overall structure of all entities’ interactions in our OCRS [24]

E—-

Existing curriculum

Course suggestions were developed using a hybrid method based on data from both instructors
and students. since this recommender system is built on collaboration, it uses professor ratings
as a filter when suggesting classes to students. However, the results of the experiment showed
that the quality filter based on professor ratings did not affect the system's predictions. New e-
learning systems are needed to provide personalization of both courses and materials. Adding
a recommendation system to an online learning platform might be the answer to these issues.
In most cases, however, machine learning techniques are also used in the retrieval of
information. Nonetheless, there are several opportunities for integration since various methods
evolve separately over time. These strategies may be useful after a student has enrolled in and
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begun a program. Non-formal and project-based learning, where students must choose courses
that fulfill their requirements before engaging in a research program, would benefit from the
proposed recommender system. If the student finds this process too time-consuming, they may
choose to skip or pay less attention to particular courses that are essential to their success. As
shown in Fig 8 and Fig 9. The usage of hybrid and other techniques has increased year by year
in comparison to content-based & collaborative filtering.

Other

4 Collaborative

filtering
17

Hybrid ___
17

Content-based

18

Fig 8. Pie chart visualization of methods used
10
8
6
4
2
)

2014 2016 2018 2020 2022 2024 2024

m Collaborative filtering ™ Content-based m Hybrid m Other
Fig 9. Techniques usage year by year

A user's preferences are taken into account, which then delivers personalized suggestions to
the user. These helps the user develop their judgment and decision-making abilities. Items are
anything that the recommender system suggests to the user.
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V. METHODOLOGY

Introduction to the Dataset and Problem Statement
This research paper, aims to develop course recommender system customized for students like
Raju, who are enrolled in technical courses as Hadoop, HDFS, and MapReduce. The system
uses user-course interaction data e.g., enrollments, preferences to predict likelihood of a student
preferring a new course [20].
Dataset Overview: The dataset comprises historical course enrollment records, including:
- Course names (e.g., Mobile Communication, Information Systems).
- User IDs (implicit in interactions, as seen in the sample image “course recomm.png’).
- Potential metadata (e.g., categories, ratings, timestamps).
Assumptions:
1. Duplicate course entries (e.g., Mobile Communication listed twice) indicate stronger user
interest.
2. Course categories (e.g., Networking, Data Management) can be derived from course names.
3. Missing values (if any) are handled via imputation or exclusion to avoid bias.
Objective is to analyze patterns in user-course interactions and compute preference
probabilities using the formula given in equation (4) as follows:
A (B, D) = (U_Categories N C_Categories)/ (C_Categories) ................... (4)
where:
A (B, D) = Number of common categories between user interests and course categories
U_Categories = Categories of courses a user enrolled in.
C_Categories = Total number of categories of the course (Categories of a target course)
Also, recommend courses with the highest match scores (0 to 1).
Methodology: Algorithmic Steps
Start
1. Import Libraries:
e Load essential Python libraries (‘pandas’, ‘'numpy’, ‘matplotlib™) for data manipulation,
analysis, and visualization.
2. Import Dataset:
e [Fetch the dataset from a CSV/database/API (e.g., “course_enrollments.csv").
e Sample data from raw data:
plaintext
Mobile Communication
Mobile Communication
Information Systems
Digital Communication
3. Exploratory Data Analysis (EDA):
e Head/Tail: Inspect the first/last rows to validate data integrity.
¢ Information: Check column types (e.g., ‘object” for course names) and null values.
e Describe: Summarize numerical stats (e.g., enrollment counts).
e Missing Values: Drop or impute gaps (e.g., fill with "Unknown™).
e Normalization: Scale numerical features (e.g., enrollment frequencies) to [0, 1].
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4. Data Distribution:

e Compute the frequency/probability of each course occurrence (e.g., Mobile Communication
appears 2/4 times — 50% weight).

e Visualize distributions (e.g., bar plots of top enrolled courses).

The above can be linked to Recommender Logic: After EDA, the processed data feeds into the
formula A (B, D) to generate recommendations.

Here, state, explicitly stating how duplicates and categories drive the system’s logic.

Data Distribution: Data distribution is a process that finds every possible value of a variable
and calculates how frequently each value occurs (probability of how often they occur). The
term "distribution™ is used to describe any group whose information is spread out in various
ways.

N2 of Subscribers versus N2 of Practice Tests

-5
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@ 200000 o
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‘6 150000 9
%
100000
-1
50000
0o ® u = . o = o
-0

0 1 2 3 4 5 7]
M2 of Practice Tests

Fig 12. No. of Practice Tests vs No. of Subscribers

Inference: As shown in Fig 12, shows a scatter plot. Here, number of tests doesn't seem to
matter about rating in courses. In fact, 3 to 6 number of Practice tests seem to have lower
ratings.

Step5: Data Wrangling: Data wrangling is the act of cleaning and merging disparate data sets
so that they may be more easily accessed and analyzed.
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Fig 13. Histogram of Price of course vs Purchasing count of courses

Inference: As shown in Fig 13, the histogram shows frequency distribution of Purchasing
count of courses. It shows maximum buyers of courses at price of Rs 2000 and as price of
courses increases up to Rs 12000, the number of buyers decreases.

Step6: Data Pre-processing: The data are also cleaned up or filtered before being used. For

example, dropping a class that isn't offered this term since there aren't enough students enrolled
to make it worthwhile.

Step7: Feature Engineering: To improve the training of your machine learning model and its
accuracy and [20] performance, you may engage in a process called "feature engineering,”
which involves making changes to your data set by means such as addition, deletion,
combination, and mutation.

Course_students_enrolled Distribution

Density

o 20 40 &0 80
course_students_enrolled_meoedified

Fig 14. Distribution of students enrolled in a course
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Inference: As shown in Fig 14, the density is maximum i.e. at value 0.16 for 1 to 4 number of
courses. It means that maximum students enroll for 1 to 4 number of courses.

Step8: Correlation: Correlation is a statistical measure of the degree of linear dependency
between two variables [37] (meaning they change together at a constant rate). In situations
when a direct statement of causation is unnecessary, this tactic is often used.
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Fig 15. Correlation of course_rating and course_students_enrolled

Inference: As shown in Fig 15, a combination graph shows majority of students enroll in
courses with higher ratings of 4.5 to 5 course_rating
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Inference: In Fig 16, scatter plot shows ratings & earnings are given by students are to
discounted courses in the range 6.2% to 9.6% discounted courses. Maximum ratings & earnings
are at 9.6% discounted courses.

Step9: Model Building

XGB REGRESSOR: For developing accurate supervised regression models, XG Boost is a
powerful tool. The accuracy of this assertion (about XG Boost) may be determined by studying
its goal function and its base learners. The loss function and the regularization term make up
the objective function. It shows how far the model's predictions are off from the actual values
[37] and explains the gap.

— 1.0

mourse students enrolled - course rating

v
course  ratimg course_students enroclled

Fig 17. Confusion matrix of XGB Regressor

Inference: As shown in Fig 17., a confusion matrix shows the TP, FP, TN, and FN counts.
Both true negative and false positive values are 0.071 and both False negative and True positive
values are 1 here.

Step10: Sentiment Analysis: In the field of opinion mining known as "sentiment analysis,"
natural language processing (NLP) is used to categorize data as positive, negative, or neutral.

Best course providers
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Fig 19. Topmost Course providers and their ratings
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Inference: As shown in Fig 19., It shows the 14 Topmost course providers with maximum 5
ratings by students

End
VI.  Proposed OCRS

The proposed OCRS helps students to provide with tailored and pertinent course suggestions
that may lead them to assist that better serve their educational and professional aspirations.

The proposed system further helps all the interested professionals in following ways:

S. No. Particulars Remark

1 List of courses Based on interests, goals, and previous study

2 Personalized Use students preferences and goals to provide
recommendations recommendations

3 Increased Efficiency Saves students time and anxiety by suggestions

4 Improved Students | Suggestions that are aligned with students interests and
Outcomes goals, improves student’s academic performance.

- - 6.0
13

2

it

W
1s]

=

o
J -l

[E =] H

d I I L
[¥a]
=

9

b o
!\.l H I¢
[} &

C|

1 10

1z

¥ B

15

= = Ml w|w »
1] o h a 6]
. N b < W |
- W 1] o | =

=
B

12

o
Lid

H H H T
!
TN e}

[=] =
U‘-II

17 16

] I I m [ »
=] ol w | e o [

=
[=/]

1

| | | | | | | | | | | |
@& W & W

MH
- Bl N
H [ H | R
(=
1]

'hJ kJ H
] =

[}

o'z 03 066

=]
[
[
14}
[
i}
=
e

Fig 20. Heat Map - Difference between a predicted score and a true score of some
random learners
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As shown in Figure 20. In majority of the cases the error is zero. There are only eight values
where difference is 5 or above.

A. Root means square error (RMSE)

Mean absolute error and root-mean-square error are used to evaluate the precision of a forecast.
The effectiveness of a model may be evaluated using the root-mean-square error (RMSE).

The mean absolute error is a useful statistic that serves as both a standard statistical tool and an
indication for model assessments in scientific studies mean absolute error (MAE). The root
mean square error (RMSE) and MAE are defined by Equations (5) and (6), respectively:

RSME :\/zglM:\/zgleE ............... (5)

n

MAE =2zt 'Zi_xilz Tialed (6)

n

in where y1, Y2..., yn are actual values and (yixi) are predicted values. The numbers X1, Xz..., Xn
represent the observed values, and n represents the total number of observations. There is an
estimated 3.6092737 MSE, 1.133 MAE, and 1.8998089 RMSE.

B. Precision and recall

A recommender system's quality and precision may be measured by these two factors.
Accuracy may be defined as the fraction of the top n suggestions that are useful. Recognized
as a percentage, the recall rate is calculated by dividing m by the proportion of the right
recommendations. The curve of precision vs recall is seen in Fig. 21.

10 4

09 4

0.3

0.7

precision

06

05

04

03 T T T T T T T
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Fig 21. The plot of Precision vs Recall
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Course rating distribution

The average course rating is quite higher, compared to the lowest and [29] maximum values.

course Rating Distribution

o]
3.25 350 3.75 4.00 4.25 4.50 4.75 5.00
course_rating

Fig 22. Course Rating Distribution in Recommender System

Inference: As shown in Fig 22., the density is maximum i.e. at value 4.75 and 4.8 It means
that maximum students have given a course rating of 4.6 to 4.8

Distribution per course type

Beginner Intermediate Mixed Advanced
course_difficulty

500

300

count

200

100

o

Fig 25. Distribution of type of course
Frequency based on difficulty

As shown in Fig 25., advanced courses' rating has some ups and downs; maybe due to low
frequency. The beginner course has a distribution quite similar to the total rating chart. The
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intermediate course's rating top is not as sharp as others, which may say - as the participants
have some knowledge of the topic, they can judge better and be critical.

Rating distribution per course type : Combined

course_difficulty
Beginner

mmm  Intermediate

N Mixed

. Advanced

250

200

150

count

100

50

o | I

SPECIALIZATION COURSE PROFESSIOMAL CERTIFICATE
course_Certificate_type

Fig 26. Combined Rating distribution on type of course

Inference: As shown in Fig 25., combined rating distribution for course difficulty vs the count.
Approximately 300 students have chosen beginner level courses. Around 10 students have
chosen professional certificate courses

Analyzing course Certificate types values

Rating distribution per course certification type : Combined

&00

500

count

300

200

100

SPECIALIZATION COURSE PROFESSIOMAL CERTIFICATE
course_Cerbificate_type

Fig 27. Distribution of type of course: combined
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Inference: As shown in Fig 27., approximately 10 students are interested in professional
certification courses. Around 580 students are interested in curriculum-based courses.

Sentiment Distribution

If a customer is satisfied with your company, an item, or a service, they will post a positive
review. Evaluations may help you figure out what you're doing well and where you can make
adjustments to better serve customers and ensure your items continue to meet or exceed their

expectations.
Reviews Sentiment Analysis
The reviews of the sentiment analysis i.e., the feedback of the customers is displayed

Top Rated Course Provider

The top-rated course provider graph displays the best course provider through a
course_organization vs course_rating bar graph.

Frequency distribution of students
This shows the frequency of students enrolled in various types of modified courses

An enrolled student means a person that has officially registered with the course and is taking
part in the educational program.

Course Counts:
Beginner > Intermediate> Advanced. Not enough data for advanced courses.

Courses > Specialization > Professional certificate. Not enough data for Professional
certificates.

Rating distribution for course type: combined

Mixed - Course has an unstable distribution, while others have a normal distribution.

Positive Reviews

Fig 28. Distribution of positive reviews

Received: July 18, 2025 3359



International Journal of Applied Mathematics

Volume 38 No. 11s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

Negative Reviews
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Fig 29. Distribution of negative reviews

Neutral Reviews
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Fig 30. Distribution of neutral reviews

Instead of conveying positive or negative feelings, the reviewer uses neutral language like
"This restaurant is OK" or "The service was decent."

Inference
Rating distribution for course type

From Fig 28, Fig 29 and Fig 30, it shows that specializations have lower mean values than
courses, but the distribution is interesting. Specialization has good distribution values on the
right, but normal courses are on left [30].
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Table 1. Comparison Table of Findings with Performance Metrics for Proposed OCRS

with existing one.

Aspect Existing Systems Proposed System
Depends on a single method | Uses combination of both
Approach Used such as content-based or | approaches, leading to more
collaborative filtering. balanced results.
: Suggestions are tailored b
. Recommendations are general | . g9 . . _y
Personalization including interests, academic

and based on past activity.

background, and goals.

Cold Start Handling

Faces difficulty when dealing
with new users or new courses.

Handles new users effectively
using initial profile inputs and
hybrid logic.

Around 68% — 75%, which is

Improved to around 85% — 90%,

User Satisfaction

Accurac : . . :
y acceptable but not reliable. * showing prediction quality.
Approximatel 65 — 0.72
. PP C.)XI .atey 065 0.72, Increased to 0.82 - 0.88,
Precision meaning irrelevant courses are indicating relevant suagestions
still recommended. * g 99 '
Recall Around 0.60 — 0.70, missing | Improved to 0.80 — 0.86, capturing
useful recommendations. * relevant courses.
Roughly 0.62 — 0.71, showin
gty . g Enhanced to 0.83 - 0.87,
F1-Score balance between precision and | . . .
indicating overall performance.
recall.
- Slow to reflect changes in user | Updates recommendations as user
Adaptability .
preferences. behaviour changes.
Diversity of | Often repetitive and limited in | Provides broader and more
Recommendations variety. meaningful set of options.
- M ruggl h Handl larger ith
Scalability ay struggle as the dataset a_d_es arge _datasets wit
grows larger. optimized processing.
Higher satisfaction as

Moderate satisfaction

recommendations feel useful and
personalized.

Real-Time Updates

Not supported.

Generates real-time

suggestions.

near

*These values represent baseline performance ranges found in literature and are used here for
comparative analysis, not copied from a single study. The performance of existing
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recommender systems typically falls within moderate ranges of accuracy, precision, and recall,
as reported in prior studies [42]-[45]. In this existing work, baseline performance is considered
within similar ranges for comparison purposes.

VII. RESULTS
The proposed OCRS results are as follows:

e The ratings given by the students for variable average_course rating is high, in contrast to
the minimum and maximum values. Maximum students have given a course rating of 4.6 to
4.8

e Course Enrolled distribution indicates that maximum students enroll for 1 to 4 number of
courses and not beyond that.

e Advanced courses' rating has some ups and downs; maybe due to low frequency. The
beginner course has a distribution quite similar to the total rating chart. The intermediate
course's rating top is not as sharp as others, which may say - as the participants have some
knowledge of the topic, they can judge better and be critical.

e Around 300 students have chosen beginner level courses. Only 10 students have chosen
professional certificate courses. Only around 10 students are interested in professional
certification courses. Around 580 students are interested in curriculum-based courses.

e The course type “Specializations” has lower mean values than curriculum-based courses,
but the distribution is attractive. Specialty & niche courses have good allocation values on the
right, but curriculum-based courses are on left. Advance courses & professional certificate
course are not preferred at initial level. Mixed courses are depending upon the interest of the
students, while others have a normal distribution.

VIIl. CONCLUSION

The proposed OCRS methodology in a better way highlights possibility of OCRS in
streamlining course selection process for students. It does this by orienting recommendations
with individual preferences, interests, and academic goals. By exploiting hybrid approaches
such as collaborative filtering, content-based filtering, and modern machine learning
techniques, proposed system increases personalization, scalability, and effectiveness.

The proposed OCRS system has the potential to revolutionize how students traverse and benefit
from online learning platforms. It promotes self-decision-making and ameliorates academic
outcomes.
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