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Abstract: This paper presents Movie recommendation and advanced with the exponential growth of digital content,
recommender systems have become essential tools for improving user experience and driving engagement. This paper
presents the design and implementation of a movie recommendation system using Python. We explore collaborative
filtering, content-based filtering, and hybrid approaches. The system is built using publicly available datasets such as
MovieLens and employs tools such as Pandas, Scikit-learn, and Surprise. Our results show that hybrid recommendation
systems yield better performance and personalization compared to single-method models.
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I. INTRODUCTION

The vast availability of online movies through streaming platforms such as Netflix and Amazon Prime has made
personalized content recommendation a necessity. Recommendation

systems analyze past behavior, preferences, and item attributes to suggest items a user may like.
There are three main types of recommendation systems:
e Content-Based Filtering: Recommends items similar to those the user liked in the past.
e Collaborative Filtering: Recommends items that similar users have liked.
o Hybrid Models: Combine both methods for improved accuracy.
This research focuses on building a functional movie recommender system using Python, implementing and comparing
different recommendation algorithms.

II. LITERATURE REVIEW

Previous works in this area have primarily focused on either content-based or collaborative filtering. The MovieLens
dataset has been widely used in academic settings for benchmarking. Collaborative filtering, especially matrix
factorization, has proven effective, but suffers from cold-start problems. Recent approaches use hybrid models or deep
learning, but this paper focuses on traditional models for simplicity and interpretability. The development of
recommender systems has undergone significant evolution since their inception. In early systems like Group Lens
(Resnick et al., 1994), collaborative filtering emerged as a practical method for leveraging collective user behaviour.
The approach was further refined with neighbourhood-based methods, where users or items are grouped based on
rating similarity (Desrosiers & Karypis, 2011).

In the late 2000s, matrix factorization techniques like Singular Value Decomposition (SVD) (Koren et al., 2009)
outperformed neighbourhood methods, notably during the Netflix Prize competition. These methods captured latent
factors influencing user-item interactions, significantly improving accuracy.

Parallelly, content-based filtering developed using natural language processing (NLP) and information retrieval
techniques such as TF-IDF and cosine similarity. This method was particularly effective for new users but suffered when
content descriptors were limited or subjective (Lops et al., 2011).Recent studies have shifted toward hybrid models that
integrate content and collaborative information. These models are more robust against the “cold start” problem and tend
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to offer better personalization. For example, Salakhutdinov & Mnih (2008) introduced Probabilistic Matrix
Factorization, which can be extended into hybrid deep learning models.

Python-based libraries like Surprise and LightFM have become popular for implementing these models due to ease of
use and strong performance benchmarks. The literature consistently shows that no single method is superior in all
contexts, which validates our motivation for implementing and comparing multiple approaches in this study.

III. DATASET

We use the MovieLens 100k dataset, which contains:
e 100,000 ratings (1-5 scale)
e 943 users
e 1,682 movies

Data includes movie titles, genres, and user ratings.

Iv. METHODOLOGY

4.1 Data Preprocessing

import pandas as pd

# Load datasets

movies = pd.read_csv('movies.csv')

ratings = pd.read_csv('ratings.csv')

# Merge datasets

movie_data= pd.merge(ratings, movies, on="movield")

4.2 Content-Based Filtering

Content-Based Filtering is a recommendation technique that suggests items to users based on the attributes or features
of items and the user’s previous interactions with similar items. Unlike collaborative filtering, which relies on user
behavior and preferences across a community, content-based filtering focuses solely on the individual user's profile and
the characteristics of the items they have interacted with. In the context of a movie recommendation system, content-
based filtering would analyze features such as genre, director, cast, plot keywords, release year, and user ratings. If a
user has shown a preference for science fiction films starring a particular actor, the system will recommend other science
fiction movies or films featuring the same actor.
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4.3 Collaborative Filtering

Collaborative Filtering is a recommendation technique that predicts a user's preferences based on the preferences of
other users with similar tastes. Unlike content-based filtering, which relies on item attributes, collaborative filtering is
driven purely by user-item interaction data, such as ratings, clicks, views, or purchases.

The fundamental assumption behind collaborative filtering is that users who agreed in the past will agree again in the
future. For instance, if User A and User B both liked the same action and comedy movies, and User A liked a new thriller,
collaborative filtering may recommend that thriller to User B.

Collaborative filtering is generally divided into two main categories:
1. User-Based Collaborative Filtering:
Recommends items to a user based on the preferences of other users with similar taste. Similarity between users
is computed using methods like cosine similarity, Pearson correlation, or Jaccard index.

© 1JARCCE This work is licensed under a Creative Commons Attribution 4.0 International License 777


https://ijarcce.com/
https://ijarcce.com/

IJ A RCCE ISSN (O) 2278-1021, ISSN (P) 2319-5940

International Journal of Advanced Research in Computer and Communication Engineering

Impact Factor 8.471 :¢ Peer-reviewed & Refereed journal :: Vol. 14, Issue 5, May 2025
DOI: 10.17148/IJARCCE.2025.145107

watched by both users
g <S

similar users

& &
watched /ecommended
by her to him

2. Item-Based Collaborative Filtering:
Focuses on the similarity between items rather than users. If a user liked Movie X, and Movie X is similar to
Movie Y based on user ratings, Movie Y is recommended.
4.4 Hybrid System

A Hybrid Recommendation System is a model that combines multiple recommendation techniques—most commonly
collaborative filtering and content-based filtering—to leverage the strengths of each and mitigate their individual

weaknesses.
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V. RESULTS

We evaluated three recommendation strategies: content-based filtering, collaborative filtering (SVD), and a hybrid model
using MovieLens 100K dataset. Key metrics include RMSE (Root Mean Square Error), precision, and recall.

5.1 Evaluation Metrics

Method RMSE Precision@10 Recall@10
Content-Based N/A 0.42 0.26
Collaborative (SVD) 0.88 0.56 0.40
Hybrid Model 0.86 0.61 0.47

5.2 Observations
e Content-Based Filtering was fast and interpretable, suitable for niche user preferences or when user history is
minimal. However, it recommended fewer diverse items and failed to learn from broader user behavior.
e Collaborative Filtering (SVD) provided improved accuracy and personalized predictions, especially for users
with substantial interaction history. However, it struggled with new users or items.
e Hybrid Systems combined the strengths of both models. By incorporating both item similarity and predicted
user preferences, the hybrid model delivered the best performance across all metrics.

5.3 User Case Study

For a user with preferences in "sci-fi" and "action", the hybrid model effectively recommended high-rated movies within
the same genre and also suggested unexpected but relevant titles due to collaborative filtering's latent factor capabilities.
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VI. CONCLUSION

This paper demonstrates the implementation of a movie recommendation system using Python. We compare content-
based, collaborative, and hybrid methods and find that hybrid models offer a balanced trade-off between performance
and personalization. Future work may involve deep learning models and real-time user feedback integration.

This research successfully developed and evaluated a movie recommendation system in Python using the MovieLens
100K dataset. By implementing three primary approaches—content-based filtering, collaborative filtering, and a hybrid
model—we demonstrated the relative strengths and limitations of each.

Key takeaways:
e Content-based filtering is effective when detailed item features are available but lacks diversity and
personalization across broader user patterns.
o Collaborative filtering captures user preferences more effectively but struggles with cold-start issues.
e Hybrid approaches offer the most balanced and robust performance, combining contextual similarity with
behavioral patterns.
Python's mature ecosystem, including libraries like Pandas, Scikit-learn, and Surprise, enabled efficient prototyping and
evaluation. Our hybrid system achieved the best performance, with an RMSE of 0.86 and the highest precision and recall
among the models tested.
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