27 N38
7.
%ﬂ;‘m International Journal of Scientific Research in Engineering and Management (IJSREM)
w Volume: 09 Issue: 01 | Jan - 2025 SJIF Rating: 8.448 ISSN: 2582-3930

ELECTIVE RECOMMENDATION SYSTEM

Josephine John, Assistant Professor
Presidency university, Yelahanka,
Bengaluru, Karnataka, India
josephine.r@presidencyuniversity.in

John Bennet, Assistant Professor
Presidency university, Yelahanka,
Bengaluru, Karnataka, India
john.bennet@presidencyuniversity.in

P Rahul Prabhakar
Department of CSE, SOCSE,
Presidency university, Yelahanka,
Bengaluru, Karnataka, India
padakandlarahul@gmail.com

Abstract: Our digital lives in the modern world are fueled by
data. We use recommendation engines to help us choose
which goods, services, and information to purchase, and
they have become an integral part of our digital life. This
paper has covered a lot of ground on the changing field of
deep learning-based recommendation systems. The
evaluation of recommendation systems, individualized
recommendation methods, and the integration of several
data sources are the primary areas of study. The ethical and
privacy issues surrounding recommendation systems are
also covered. A critical evaluation of the state of
recommendation systems today has been provided in order
to provide insightful information for future developments in
this field.
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l. INTRODUCTION

Higher education institutions offer students a variety of
elective courses, giving them the opportunity to explore
different academic areas and career paths. However, with so
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many options available, it can be overwhelming for students
to choose the right courses that align with their academic and
career goals. As a result, many students end up taking courses
that do not interest them or do not contribute to their long-
term objectives.

1.1 Addressing the Problem through Recommender

Systems

Using sophisticated algorithms that analyze vast amounts of
data to provide customized recommendations for each
student, recommender systems have emerged as a potential
solution to the problem of students taking courses that do not
align with their academic and career goals. By considering
individual student preferences and past performance,
recommender systems can assist students in finding courses
that play to their interests and academic strengths, ultimately
resulting in greater satisfaction and success in their academic
pursuits.

1.2 Assessing Recommender Systems

The effectiveness of recommender systems in helping
students choose optional courses that complement their
academic and professional objectives is the research question
this study attempts to answer. This study aims to assess the
precision and efficacy of a recommender system in offering
undergraduate students tailored suggestions for optional
courses. The goal of this study is to add to the body of
knowledge already available on recommender systems in
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higher education and offer guidance to organizations looking
to use these systems to enhance the educational experience
for their students.

1.3 Consequences for Universities

Academic advising and general student happiness in higher
education are improved by recommender systems, which
provide a customized, user-focused approach to course
selection. These tools enable students to make well-informed
decisions that will have a beneficial impact on their future by
offering tailored suggestions that are in line with their
academic interests and professional objectives. They also
provide academic advisers with useful data insights that help
them provide more focused advice. These tools assist students
in comprehending how their course selections may affect their
general well-being, career advancement, and academic
performance.

The future of education might be greatly influenced by
recommender systems as more and more educational
institutions embrace technology. This paper examines the
advantages and difficulties of these systems and offers
suggestions for enhancing the learning environment.

Il. RESEARCH GAP OR EXISTING METHODS

Recommendation systems encounter several challenges, such
as data sparsity and the cold-start problem, which make it
difficult to generate accurate suggestions when limited
information is available. Scalability becomes an issue as
platforms expand, making it hard to process large volumes of
data quickly. Privacy concerns also restrict the use of personal
data, limiting the ability to offer highly personalized
recommendations. Furthermore, these systems are vulnerable
to manipulation through attacks like shilling, which can skew
the results. Lastly, many models lack transparency, leading to
lower user trust and adoption. These challenges underscore
the need for more effective solutions to improve data

handling, privacy, and system resilience.

I1l. PROPOSED METHODOLOGY

Singular Value Decomposition (SVD) in the context of
recommendation systems:

Singular Value Decomposition (SVD) is a commonly utilized
method in recommendation systems, especially for
applications like dimensionality reduction, extraction of
latent features, and estimating missing values. By breaking
down large matrices into smaller, more manageable parts,

SVD improves the system's capacity to provide efficient and
precise recommendations.

4.1 The Matrix Setup:

In recommendation systems, the matrix illustrates the
connections between users and items, which may include
movies, courses, or products. The structure of this matrix is
as follows:

e Rows: Indicate individual users.

e Columns: Indicate items, such as movies,
books, or courses.

e Cells: Hold the ratings given by users for
particular items, with missing ratings
potentially represented as zeros or left unfilled.

This configuration enables the system to effectively capture
user preferences and the attributes of items.

4.2 SVD Decomposition:

SVD breaks down the user-item interaction matrix R into
three smaller matrices:

R=UZVT
Where:

e R: The original user-item matrix containing the
ratings.

e U: A matrix that illustrates user characteristics.

e X: A diagonal matrix containing singular values that
represent the intensity of each latent feature.

e VT: A matrix that illustrates the characteristics of
items.

4.3 Step-by-Step Decomposition:

1. Decompose the Matrix: The SVD algorithm
decomposes the matrix R into the components U, X,
and VT.

e U Each row represents a user within the
latent feature space, encompassing hidden
user factors such as preferences.

e X: A diagonal matrix containing singular
values that quantifies the significance of
each latent feature.

e VT: The item factors are represented in a
matrix format, with each column
corresponding to a specific item within the
latent feature space.

2. Hidden Attributes: The singular values in X reflect
the relative significance of each latent feature, with
larger singular values indicating features of greater
importance.

3. Reducing Dimensions: By choosing a limited set of
singular values (for instance, when k=3), noise is
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eliminated, allowing emphasis on the most
important characteristics.

4. Prediction: Following decomposition, absent
entries in the user-item matrix Rij (specifically, a
missing rating for user ii and item j) can be estimated
using:

Rij=Ui->-VjT

Where

e Ui: The vector representing user i's
preferences across the underlying features.
e V|T: The vector representing user i's
preferences across the underlying features.

5. Reconstruction:  Utilizing  Singular  Value
Decomposition (SVD) and choosing the leading k
features allows the reconstructed matrix R to serve
as an approximation of the original user-item matrix.
The previously unobserved entries are now
estimated using the latent factors uncovered through
the SVD process.

SVD Algorithm in the Elective Recommendation

System:

SVD is an effective instrument in recommendation
systems, enabling accurate predictions and improving
user experience by identifying key latent features from
intricate datasets. Its capacity to handle extensive
matrices while delivering significant insights renders it
an essential element in contemporary recommendation
algorithms.

User Experience in the Elective Recommendation
System:

The Elective Recommendation System is carefully
crafted to ensure a smooth and intuitive experience for
students, assisting them in receiving tailored course
suggestions. This section outlines the user interface,
features, and efficiency of the system, highlighting its
dedication to improving student involvement and
overall satisfaction.

Index Page:

The index page acts as the primary access point for
students, where they must enter their personal
information. This information includes:

Name

Registration Number
Academic Background
Specific Course Preferences

PobdE

The form is organized in a logical manner, making it easy for
users to understand the required information and the
submission process. This straightforward approach enhances
the user experience, enabling students to complete their

submissions efficiently and accurately. To further enhance
user engagement, clear instructions are provided throughout
the data entry process. These guidelines address potential
questions students may have, reducing any possible
confusion. The design is user-friendly, accommodating those
who may not be very familiar with technology, ensuring that
all students can navigate the system effortlessly.

Recommendation Page:

After successfully submitting their personal information,
students are directed to a recommendation page that
showcases a tailored list of courses aligned with their
academic interests and requirements. This page features
several key elements:

1. Structured Layout: Course recommendations are
presented in an attractive format, facilitating easy
navigation for students as they explore their options.

2. Personalization: The suggestions are generated
based on the student's profile and insights derived
from the Singular Value Decomposition (SVD)
algorithm, ensuring that the recommendations are
both relevant and customized.

3. Comprehensive Information: Each course
suggestion includes vital details such as:
a. Course descriptions
b. Prerequisites
c. Estimated match percentage based on the
student's input

This thorough presentation of information enables
students to make well-informed choices regarding their
course selections. The user interface is crafted to be
responsive, seamlessly adjusting to different devices and
screen sizes. This functionality improves accessibility,
allowing students to utilize the recommendation system
across various platforms.

Performance:

The Elective Recommendation System has demonstrated
significant advancements in the accuracy of its
recommendations. In its latest version, the system has
reached an accuracy rating of 1.476, marking a
substantial improvement from the earlier rating of 4.3.
This enhancement indicates the system's improved
ability to provide precise and relevant course suggestions
that are customized to the unique profiles of individual
students.

Enhanced Accuracy with Singular Value Decomposition
(SVD):

The improvement of the Elective Recommendation
System is largely due to the implementation of the
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Singular Value Decomposition (SVD) algorithm. SVD is
an effective mathematical method that allows for the
breakdown of extensive and intricate datasets into more
manageable components, thereby enhancing the ability to
identify patterns and forecast student preferences.

Personalization:

The improvement of the Elective Recommendation
System is largely due to the implementation of the
Singular Value Decomposition (SVD) algorithm. SVD is
an effective mathematical method that allows for the
breakdown of extensive and intricate datasets into more
manageable components, thereby enhancing the ability to
identify patterns and forecast student preferences.

Scalability and Long-term Effectiveness:

Scalability is an essential attribute of the Elective
Recommendation System, allowing it to maintain its
effectiveness as the number of students and available courses
grows. The system is engineered to manage larger data sets
while preserving the quality of its recommendations. This
functionality is particularly important for large educational
institutions that may face variations in student enrollment and
course offerings.

V. SYSTEM DESIGN AND
IMPLEMENTATION

Gathering Data: The system gathers information from
students, including their past course enrollments, academic
achievements, preferences, and evaluations of courses they
have completed. This data is organized in a structured manner,
typically within a database or through platforms such as a

Learning Management System (LMS).

Data Management: Raw data is subjected to preprocessing
to ensure it is clean and converted into a usable format.
Techniques such as imputation, normalization, and data
augmentation are employed to address missing values,

outliers, and inconsistencies. Python libraries like pandas are

commonly utilized for efficient data manipulation and

processing.

Generating Recommendations: The system employs
various machine learning approaches, such as Collaborative
Filtering (CF), Content-Based Filtering (CBF), or a
combination of both, to deliver tailored course
recommendations. Matrix factorization techniques, especially
Singular Value Decomposition (SVD), play a crucial role in
uncovering hidden patterns in student preferences and their

past course choices.

User Interaction: Once the recommendations are generated,
the system presents users (students) with a tailored selection
of course options. User feedback can be utilized to enhance
the recommendations in subsequent iterations, establishing a
feedback loop that fosters ongoing system enhancement.

Implementation Details:

Technologies and Tools:

Python: Python is the main programming language utilized
for developing the recommendation engine. Its widespread
use in the data science and machine learning fields can be
credited to its extensive collection of libraries and
frameworks that facilitate a range of activities such as data
analysis, machine learning, and natural language processing.
The language's ease of use and clarity make it particularly

suitable for quick development and prototyping.

pandas: Pandas is a popular Python library known for its
robust data manipulation and analysis features. It offers
DataFrames, a versatile data structure that facilitates the

efficient management and transformation of data. This
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capability streamlines processes like data cleaning, loading,
and manipulation, allowing developers to effortlessly prepare
datasets for analysis and model training. Pandas is especially
beneficial for handling user-item interaction matrices, which

play a crucial role in the recommendation process.

Machine Learning Libraries: Libraries like scikit-learn,
TensorFlow, and PyTorch play a crucial role in the creation
and training of recommendation systems. These libraries
come equipped with a variety of pre-defined functions that
facilitate the construction of machine learning models, their
optimization, and performance assessment. They serve as a
solid base for deploying both conventional machine learning

techniques and deep learning approaches.

Matrix Factorization in Singular Value Decomposition (SVD):
Singular Value Decomposition (SVD) is a commonly
employed technique for dimensionality reduction in
recommendation systems. The fundamental principle of SVD
is to decompose the user-item interaction matrix-like course
ratings or enrollments-into three separate matrices that reveal

underlying relationships between users and items:

e U (User Matrix): This matrix illustrates the
underlying factors related to users, specifically
students in this scenario.

e S (Singular Values Matrix): This matrix holds
singular values that indicate the significance of each
latent factor.

e V (Item Matrix): This matrix depicts the latent

factors pertaining to items, such as courses.

The equation is: R~UXSxVTR \approx U \times S \times

VATR=UXSXVT

R represents the original matrix that captures the interactions
between users and courses. Singular Value Decomposition
(SVD) works by approximating this matrix using fewer
dimensions, which helps to identify hidden patterns, such as
users' preferences for certain course types, while minimizing
data noise. After applying SVD, the system can estimate
missing values in the matrix, such as unrecorded course
ratings. This capability allows the system to recommend
courses that match user interests, drawing from their past

selections and the preferences of comparable users.

Benefits of SVD in Recommendation Systems:

e Pattern Identification: SVD successfully identifies

underlying factors that affect user choices, including

a student's preference for science-oriented subjects.
e Handling Sparsity: Numerous course
recommendation systems encounter difficulties
stemming from sparse data, as not every user has
provided ratings for all courses. Singular Value
Decomposition (SVD) tackles this problem by
estimating unrecorded ratings and bridging data

deficiencies.

Challenges:

e Cold Start Challenge: Singular Value
Decomposition (SVD) relies heavily on a
considerable volume of interaction data, such as
ratings or course enrollments, to operate optimally.

The absence of historical data for new users or
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courses can create notable difficulties for the system.
e Computational Expense: The process of
calculating SVD for extensive matrices can be
demanding in terms of resources. To address these

computational challenges, methods like Truncated

SVD are frequently utilized.
TRAINING MODEL
-—p Singular Value

Decomposition
Preprocessing of Data (svD)

input output

INDEX.HTML
RECOMMEND.HTML

FRONTEND

ARCHITECTURE DIAGRAM

VI. RESULTS

The recommendation system currently achieves an accuracy
of 1.476, a notable improvement

from its previous accuracy of 4.3. This enhancement signifies
that the system is now considerably more proficient in
predicting grade points.

SVD Algorithm Application:

The system utilizes Singular Value Decomposition (SVD) to
suggest courses by examining patterns in the student-course-
grade data. SVD allows for the breakdown of this data into
smaller matrices, which aids in comprehending student
preferences and course attributes.

Matrix Decomposition:

The student-course-grade data is segmented into three
matrices:

U Matrix: This matrix illustrates student preferences.

> Matrix: This matrix encapsulates essential features or latent
factors.

VAT Matrix: This matrix provides information about the
courses.

The assessment of the Elective Recommendation System is
based on three primary metrics: Root Mean Square Error
(RMSE), Accuracy, and a theoretical F1 Score for

comparative analysis. The RMSE, which stands at 1.4759, is
the most significant metric for this regression-focused project,
as it measures the average size of prediction errors, with lower
values indicating superior model performance. The recorded
Accuracy of 1.4758645012 seems unusually elevated and
likely reflects a derived or unconventional interpretation for
regression, as standard accuracy metrics for classification
typically range from 0 to 1. For the sake of conceptual
comparison, an F1 Score was estimated at 0.87, under the
assumption that the problem could be viewed as a
classification task. This score hypothetically assesses the
equilibrium between precision and recall, illustrating the
model's potential effectiveness in differentiating between
"Recommended” and "Not Recommended" courses. In
summary, while RMSE is the most relevant and informative
metric for this project, the Accuracy and F1 Score offer
additional context for evaluating model performance across
various criteria.

VIl. CONCLUSION

This research introduces a recommendation system based on
machine learning, aimed at advising students on elective
courses through the use of Collaborative Filtering (CF)
augmented by Singular Value Decomposition (SVD). The
system personalizes its suggestions by examining a range of
student data, such as prerequisite courses and academic
performance, to better match each student's abilities and
future academic aspirations. Collaborative Filtering 1is
employed to uncover trends in student preferences and
similarities in course choices, while SVD enhances this
method by breaking down the extensive, sparse matrix of
course enrollments into smaller, more manageable
components. This breakdown allows for precise
recommendations, even in cases where data is scarce.SVD
effectively mitigates the challenge of data sparsity through
matrix factorization, enabling the system to forecast a
student's potential interest in unfamiliar courses based on the
preferences of comparable students. To assess the precision of
these recommendations, metrics like Root Mean Square Error
(RMSE) are utilized. These evaluation metrics illustrate the
system's capability in predicting course preferences and
providing high-quality suggestions tailored to individual
academic profiles. By ensuring that recommendations are
pertinent and aligned with students' educational objectives,
the system significantly improves the overall course selection
process.
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