www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 1 January 2025 | ISSN: 2320-2882

IJCRT.ORG ISSN : 2320-2882

éb INTERNATIONAL JOURNAL OF CREATIVE

RESEARCH THOUGHTS (1JCRT)
o

An International Open Access, Peer-reviewed, Refereed Journal

Movie Recommendation System Using Machine
Learning

!Dharmavaram Poojitha, ?Dr.Nagaraj M. Lutimath, 3Ganga, “Guvvala Harshitha, *Jananya R Reddy

IStudent, 2Associate Professor, 3Student, *Student, °Student,
1Computer Science and Engineering,
!Dayananda Sagar Academy of Technology & Management, Bengaluru, India

Abstract: This paper is a contribution toward the innovation of the design for a better Content-Based Movie
Recommender System integrating Sentiment Analysis in view of providing users with personalized, relevant,
and insightful recommendations. To this effect, it efficiently retrieves the vital movie information, such as its
title, genre, running time, ratings, and posters-all acquired using the TMDb API. Moreover, the highly famous
resource IMDDb is used to extract user reviews through web scraping by the Beautiful Soup library, but this is
done quite effectively. After extracting reviews from the system, it applies sentiment analysis to classify
reviews under positive or negative or neutral categories depending upon the expressed sentiments by users.
As these similarity scores are carefully computed through the use of cosine similarity an extremely efficient
and robust technique used for computing the angle between two different vectors to determine text-based
similarity the resultant movie recommendations are guaranteed to be reliable and relevant, directing attention
to complex interdepencies of various attributes of movies instead of relying on data volume.
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I. INTRODUCTION

A Comprehensive Overview of Recommender Systems :

For movie recommendations, these systems analyse user preferences and recommend similar films to
enhance user satisfaction. They use algorithms that process vast datasets, helping predict what users are
likely to enjoy based on past interactions. Such systems are pivotal in personalizing user experiences and
improving user engagement across various platforms.

Content-BasedFiltering
Content-based filtering gives much importance to the critical elaboration on item attributes that may
include:

e Titles of films

o Genres

e This method ensures recommendations are specific to the individual user by focusing on matching
items to their explicit preferences.

o Advantage: It is an organic fit for a new user or a niche product that doesn't generate enough other
users' data. It is particularly effective in systems where the availability of collaborative data is limited.
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The Role of Sentiment Analysis in Recommender Systems

Adding sentiment analysis enhances the contextual meaning of recommendations in order to give a more
meaningful response. By analyzing user feedback, reviews, and ratings, sentiment analysis helps refine the
system's understanding of user preferences. It enables recomme ndations to be more dynamic and reflective of
users’ emotional responses, thereby creating a more tailored experience
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I1. Literature Review:

1. Authors: Salton, G., Wong, A., & Yang, C. S. Published:1975, Communications of the ACM Proposed
Solution: The authors proposed the vector space model for automatic indexing, which represents documents
and queries as vectors in a multi-dimensional space. The similarity between documents and queries is measured
using metrics such as cosine similarity. Merits: It provided an efficient way of calculating relevance measures
between documents and user queries that would eventually serve as the foundation for modern text retrieval
systems. The method introduced the concept of term weighting and dimensionality reduction for accuracy in
retrieval. Demerits: Semantic relationships between terms are not captured in the model. It depends on term
frequency and vector space representation. Hence, it may face serious problems with large-scale datasets since
the computational complexity is inherent.

2. Authors: Karypis, G. Published: 2001, Tenth International Conference on Information and Knowledge
Management Proposed Solution: The paper introduced item-based collaborative filtering algorithms for
recommendation systems, which analyze the relationships between items rather than the users. The algorithm
generates item-item similarity matrices and then predicts user preferences based on previously rated items.
Merits: Item-based collaborative filtering is highly efficient for sparse datasets and scales well with a growing
number of users. It provides stable recommendations, especially in environments with a large volume of users
and relatively fewer items. Demerits: Cold-start problems still persist since recommendations are based on
historical data for new users or items. In addition, the accuracy of the algorithm may decrease in domains where
user preferences are very diverse.

3. Authors: Ricci, F., Rokach, L., & Shapira, B. Year: 2011, Recommender Systems Handbook Proposed
Solution: This work gives the most complete overview of state-of-the-art techniques proposed for
recommender systems, containing content-based filtering, collaborative filtering, and hybrid approaches along
with practical implementations and some applications in e-commerce as well as media. Advantages: It is a very
good resource for beginners and experienced researchers alike, as it provides in-depth explanations of
algorithms and their practical applications. The coverage of hybrid systems is particularly insightful for
addressing limitations of standalone approaches. Disadvantages: The handbook does not go deep into the
practical challenges of deploying recommender systems, such as scalability, data sparsity, and realworld
evaluation.

4. Authors: The Movie Database (TMDb) Published: Ongoing, APl Documentation Proposed Solution:
TMDb offers an API to access millions of movies with metadata, user ratings, and reviews that can be used to
construct movie recommendation systems. Benefits: TMDb provides comprehensive, current information to
improve the quality and significance of recommendations. The fact that it is-a community-updated service
guarantees developers get information on time. Drawbacks: This increases issues of API limits for TMDDb,
chances of data unavailability and dependence on third-party service providers for the working of the
application.

5. Authors: Ricci, F., and Sebastiani, F. Published: 2011, Springer Science & Business Media Proposed
Solution: This work presents an in-depth survey of recommender systems, discussing the algorithms and
methodologies used by them along with their wide applications in various industries. This work further deals
with the developments of recommendation technologies. Merits: The paper is very seminal in the field and
should be a reference point both for researchers and practitioners since it highlights the broad applicability of
recommendation systems and explores both theoretical and practical aspects. Demerits: In spite of its
comprehensiveness, the work cannot address emerging trends such as deep learning in recommendation
systems or challenges like data privacy and ethical considerations.

I11. Methodology

General Movie Recommender Systems:

Recommender systems are of great significance to the entertainment industry by making the viewing
experience rich by providing users with specific films based on individual tastes and choices.
Content-Based Filtering: It is a process where movies are recommended using features like genre, name,
running time, and casts. Collaborative Filtering: Movies are suggested by understanding the behavior of
users, thus finding the patterns and patterns related to users having similar choices.
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Hybrid Systems: Combines content-based and collaborative filtering to overcome the limitations of
standalone approaches.
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Fig : Architecture

Movie Recommender System Development:

- API Integration: External APIs such as TMDb provide detailed movie data, allowing for accurate and

scalable recommendations. -User Sentiment Analysis: Mining opinions from reviews (e.g., IMDb) adds

emotional nuance to recommendations.

-Machine Learning Methods: Implements algorithms such as KNN and matrix factorization in order to

further enhance accuracy in predictions.

- NLP Methods: Employs cosine similarity as well as word embeddings for boosting similarity measures in

the text form. The Challenges While Developing Movie Recommendation Systems:

- The cold start problem: Where the availability of data would be nil for new users or even movies.

Solution: Hybrid model or scrapping of some external data.

Scalability Issues: Large datasets increase computational complexity.

Solution: Implements distributed computing and efficient algorithm.

-Diversity and Novelty Problems: Focus on popular movies reduces variety.

Solution: Introduces diversity metrics in recommendation processes.

- Sentiment Analysis Process Management: Extracting accurate user emotions is complex.

Solution: Advanced NLP models such as BERT or GPT is used for better sentiment detection.

- Data Sparsity: The system performance is weakened by the sparse data.

Solution: Uses matrix completion and collaborative filtering.

-Recommendation Bias: System is biased toward popular genres or movies.

Solution: Makes use of fairness-aware algorithms along with re-ranking mechanisms.

-Lack of integration of sentiment analysis in realtime recommender systems.

- Inadequate research in the integration of sentiment analysis with hybrid filtering methods.

-Scalable frameworks to deal with large and dynamic datasets.

Focus of the Proposed System: It addresses the cold start and sparsity issues through API-integrated
content-based filtering. It enhances recommendations through sentiment analysis, which helps in the
interpretation of user reviews. - Utilizes cosine similarity for scalable and effective text similarity measurement.

IV. CONCLUSION:

The development of sophisticated content-based movie recommender system that integrates with the process
of sentiment analysis is a considerable and major advancement over the realm of personalized user experiences.
Since the TMDb API is a fully comprehensive source of movie data and also due to the aid of advanced web
scraping techniques that carefully extract user reviews from the IMDb dataset, the suggested movie
recommendation system can provide dynamic, real time, and rather precise recommendations based on the
user's preferences. Cosine similarity will introduce relevance guarantees for the suggested results. It does this

IJCRT2501678 \ International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org \ 931


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 1 January 2025 | ISSN: 2320-2882
through proper assessment of the textual similarities that exist between the movies. This kind of sentiment
analysis highly and considerably enhances the ability of such a system in terms of effectively capturing and
interpreting emotional feedback expressed through user reviews, bringing with it a most important subjective
dimension in the recommendations provided.
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