
© June 2026 | IJIRT | Volume 13 Issue 1 | ISSN: 2349-6002 

IJIRT 205816 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 8327 

Hybrid Movie Recommendation System Combining 

Content-Based and Collaborative Filtering 
 

 

Meghana J L1, Mithra N Gowda2, Dr. Vivekanand S Gogi3 

1,2Information Science and Engineering, RV College of Engineering, Mysore Road Bengaluru 
3Assistant Professor, Industrial Engineering and Management, RV College of Engineering, Mysore Road 

Bengaluru 

 

 

Abstract—This paper presents a hybrid movie 

recommendation system that integrates content-based 

filtering and collaborative filtering techniques to provide 

personalized and accurate movie suggestions. The system 

leverages TF-IDF vectorization to analyze movie 

metadata such as genres, overviews, and cast 

information, while employing Singular Value 

Decomposition (SVD) to model user-item interactions 

from historical ratings. A weighted hybrid approach 

combines both methods, allowing dynamic adjustment of 

recommendation influence through a tunable parameter. 

Implemented as a Flask-based web application with 

RESTful APIs, the system demonstrates real-time 

recommendation capabilities and scalability. 

Experimental results on a dataset containing over 45,000 

movies and 100,000 ratings show improved 

recommendation relevance and diversity compared to 

standalone approaches. The proposed system also 

enhances user experience by offering transparency in 

scoring through separate content and collaborative 

contributions. Furthermore, its modular architecture 

ensures extensibility, enabling future integration of 

advanced techniques and larger datasets for improved 

performance. 
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Content-Based Filtering, Collaborative Filtering, TF-

IDF, Singular Value Decomposition (SVD), Machine 
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I. INTRODUCTION 

 

A. Background and Context  

With the exponential growth of digital content, 

recommendation systems have become essential for 

filtering and delivering relevant information to users. 

In domains such as movie streaming platforms, users 

are often overwhelmed by the vast number of available 

options. Traditional recommendation approaches 

include content-based filtering, which relies on item 

attributes, and collaborative filtering, which uses user 

interaction data. While each method has its strengths, 

they also suffer from limitations such as cold-start 

problems and data sparsity. Hybrid recommendation 

systems have emerged as an effective solution by 

combining multiple techniques to enhance accuracy 

and user satisfaction. 

 

B. Problem Statement 

Existing recommendation systems often struggle to 

balance personalization and diversity. Content-based 

approaches tend to recommend similar items 

repeatedly, limiting discovery, while collaborative 

filtering methods may fail when user interaction data 

is insufficient or sparse. Additionally, many systems 

lack flexibility in adjusting recommendation strategies 

based on user preferences. Therefore, there is a need 

for a robust system that can effectively integrate both 

methodologies while maintaining adaptability and 

real-time performance. 

 

C. Research Gap 

Although hybrid recommendation systems have been 

widely studied, many implementations lack 

transparency in scoring mechanisms and do not 

provide user-controllable parameters to balance 

recommendation strategies. Furthermore, several 

systems rely on computationally intensive libraries 

that present compatibility challenges, especially in 

certain operating environments. There is also limited 

emphasis on integrating such systems into scalable 

web applications with accessible APIs for real-world 

deployment.  
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D. Objectives 

The primary objective of this research is to design and 

implement a hybrid movie recommendation system 

that combines content-based and collaborative 

filtering techniques using efficient and compatible 

machine learning models. The system aims to provide 

accurate, diverse, and real-time recommendations 

while allowing users to adjust the balance between 

recommendation strategies. Additionally, the work 

focuses on deploying the system as a web-based 

application with RESTful API support for broader 

usability.  

 

E. Significance and Contribution 

This work contributes a practical and scalable hybrid 

recommendation framework that integrates TF-IDF-

based content analysis with SVD-based collaborative 

filtering. The system introduces a configurable 

weighting mechanism that enhances flexibility and 

personalization. It also addresses compatibility issues 

by utilizing widely supported libraries, ensuring 

smooth deployment across platforms. Furthermore, 

the implementation includes a user-friendly web 

interface and API endpoints, making the system 

suitable for real-world applications and further 

research in recommender system optimization.  

 

II. LITERATURE REVIEW 

 

The work in paper [1] introduces a 

deep‑learning‑based neural collaborative filtering 

(NCF) framework for movie recommendations, 

showing that neural networks can outperform classical 

matrix‑factorization and K‑nearest‑neighbor methods 

on rating prediction and top‑K accuracy; it has become 

a foundational reference for later NCF‑inspired and 

graph‑neural movie‑recommender designs.  

 

The authors of paper [2] propose an 

autoencoder‑based deep‑learning approach to movie 

recommendations, using a large‑scale rating dataset to 

learn compact user and item representations that 

improve RMSE and user‑perceived quality over 

traditional collaborative filtering; it helped push the 

field toward end‑to‑end neural models for 

movie‑recommendation tasks 

The work in paper [3] done in 2025 combines a 

modified neural collaborative filtering model with the 

FP‑Growth association‑rule technique to recommend 

movies, using user‑rating data to capture both latent 

user–item patterns and frequent itemset; the hybrid 

deep‑learning–association‑rule design improves 

recommendation coverage and diversity over pure‑CF 

baselines 

 

The paper [4] presents a hybrid movie‑recommender 

that integrates artificial neural networks with 

factorization‑based collaborative filtering (e.g., 

SVD‑CF), exploiting the speed and interpretability of 

factorization and the non‑linear expressiveness of 

ANNs; on large‑scale datasets it achieves higher 

accuracy and robustness than pure‑collaborative or 

basic content‑based methods. 

 

This study done by authors in paper [5] proposes a 

deep‑learning–based preference‑modeling framework 

for movie recommendation that jointly captures 

user‑behavior sequences and side information such as 

movie metadata and graphs, yielding better accuracy 

and explainability; it represents a current trend toward 

graph‑enhanced, sequence‑aware models for 

personalized movie recommendations. 

 

Finally, paper [6] evaluates a LightGCN‑based 

movie‑recommender system, using 

graph‑convolutional layers to propagate user–item 

relationships through interaction graphs and to learn 

more accurate embeddings; it demonstrates that 

lightweight graph neural‑collaborative models can 

significantly advance movie recommendation over 

traditional CF and shallow neural methods. 

 

III. METHODOLOGY 

 

A. System Design and Architecture 

The proposed system follows a modular architecture 

consisting of data preprocessing, model training, 

recommendation generation, and user interface layers. 

The backend is implemented using the Flask 

framework, which handles API requests and integrates 

the recommendation logic. The system processes 

movie metadata and user ratings to build both content-

based and collaborative models. A hybrid 

recommendation engine combines outputs from these 

models and serves results through a web interface and 

RESTful APIs. This layered design ensures 

scalability, maintainability, and efficient real-time 

performance.  
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Fig. 1. System Architecture of the Hybrid Movie 

Recommendation Framework 

 

B. Data Collection and Preprocessing  

The system utilizes two primary datasets: movie 

metadata and user ratings. The movie dataset includes 

attributes such as title, genre, overview, cast, and other 

descriptive features, while the ratings dataset contains 

user-item interaction data. Preprocessing involves 

cleaning missing values, normalizing text, and 

combining relevant features into a unified format for 

analysis. Text data is transformed into a suitable 

representation for feature extraction, while rating data 

is structured into a user-item matrix for collaborative 

filtering.  

 

C. Content-Based Filtering  

Content-based filtering is implemented using TF-IDF 

vectorization to convert textual movie attributes into 

numerical feature vectors. These vectors capture the 

importance of words across the dataset, enabling 

meaningful comparison between movies. Cosine 

similarity is then used to compute similarity scores 

between movies, allowing the system to recommend 

items that are closely related in terms of content. This 

approach is particularly effective for recommending 

movies similar to a given reference movie. 

 

D. Collaborative Filtering  

Collaborative filtering is performed using Singular 

Value Decomposition (SVD), a matrix factorization 

technique that identifies latent factors in user-item 

interactions. The method decomposes the user-item 

rating matrix into lower-dimensional representations, 

capturing hidden patterns in user preferences. Based 

on these latent features, the system predicts ratings for 

unseen movies and generates personalized 

recommendations. This approach leverages collective 

user behavior to enhance recommendation accuracy. 

 
Fig.2. K-mer Analysis 

 

E. Hybrid Recommendation Approach   

The hybrid model combines content-based and 

collaborative filtering results using a weighted scoring 

mechanism. The final recommendation score is 

calculated as a linear combination of content similarity 

and predicted ratings, controlled by a tunable 

parameter. This allows the system to balance between 

similarity-based and user-preference-based 

recommendations. The hybrid approach mitigates the 

limitations of individual methods, such as cold-start 

problems and lack of diversity, resulting in more 

robust recommendations. 

 

F. System Implementation and Deployment  

The system is implemented as a web application using 

Flask, with a user-friendly interface for input and 

result visualization. It also provides RESTful API 

endpoints for integration with external applications. 

The trained models are stored and loaded efficiently to 

ensure fast response times. 
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Fig.3.  Recommendation Output Analysis 

 

 
Fig.4. User Preference Optimization 
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Fig.5. Performance Results 

 

The deployment setup supports real-time 

recommendation generation, making the system 

suitable for practical applications and scalable 

environments.  

 
Fig.6. Recommendation Score Heatmap 

 

IV. RESULTS 

 

A. Experimental Setup  

The proposed system was evaluated using a dataset 

comprising over 45,000 movies and 100,000 user 

ratings. The models were trained on preprocessed data, 

where TF-IDF was applied to textual metadata and 

SVD was used for collaborative filtering. The 

implementation was tested on a standard computing 

environment, and performance was analyzed based on 

recommendation accuracy, response time, and 

qualitative relevance of results. Different values of the 

hybrid parameter were also tested to observe 

variations in recommendation behavior. 

 

 

B. Recommendation Performance  

The hybrid recommendation system demonstrated 

improved performance compared to individual 

content-based and collaborative approaches. By 

combining both methods, the system was able to 

generate more relevant and diverse recommendations. 

Content-based filtering ensured similarity in movie 

attributes, while collaborative filtering incorporated 

user preferences, resulting in balanced 

recommendations. The system effectively handled 

cases where either method alone would have produced 

limited or less accurate results.  

 

C. Evaluation Metrics  

The performance of the system was assessed using 

standard evaluation measures such as precision, 

relevance of recommended items, and user satisfaction 

based on observed outputs. Although exact numerical 

metrics may vary depending on dataset splits, 

qualitative evaluation showed that the hybrid model 

consistently produced better-ranked 

recommendations. The normalization of scores and 

weighted combination contributed to stable and 

interpretable results.  

 

D. Impact of Hybrid Parameter  

The tunable parameter controlling the balance 

between content-based and collaborative filtering had 

a significant impact on recommendation outcomes. 

Higher values favored content similarity, resulting in 

recommendations closely related to the selected 

movie, while lower values emphasized user 

preferences derived from rating patterns. An 
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intermediate value provided the best trade-off between 

personalization and diversity, demonstrating the 

flexibility of the hybrid approach.  

 

E. System Performance and Response Time 

The system achieved efficient performance with real-

time recommendation generation. Initial model 

loading required slightly higher time, but subsequent 

requests were processed within fractions of a second. 

The modular design and pre-trained models 

contributed to reduced latency, making the system 

suitable for interactive applications. The web interface 

and API endpoints both demonstrated consistent and 

reliable performance. 

 

V. CONCLUSION 

 

A. Summary of Key Findings and Overall 

Effectiveness 

The hybrid movie recommendation system 

demonstrates that combining content-based and 

collaborative filtering significantly improves 

recommendation quality compared to standalone 

approaches. By integrating TF-IDF-based content 

analysis with SVD-based user preference modeling, 

the system achieves a balanced output that enhances 

both accuracy and diversity. The use of a weighted 

hybrid mechanism with a tunable parameter further 

contributes to its effectiveness, allowing the system to 

adapt dynamically to different recommendation 

scenarios while maintaining consistent performance.  

 

B. Real-World Applicability and Relevance 

The implementation of the system as a Flask-based 

web application with RESTful API support highlights 

its suitability for real-world deployment. The ability to 

generate real-time recommendations, along with a 

user-friendly interface, makes it applicable to domains 

such as online streaming platforms and content 

discovery services. Its modular architecture ensures 

scalability and ease of integration with existing 

systems, making it a practical solution for industry-

level recommendation challenges.  

 

C. Additional Innovation and Applicability 

The system introduces innovation through its flexible 

hybrid design, transparent scoring mechanism, and 

adaptability to different user preferences. The modular 

structure allows for easy extension with advanced 

techniques such as deep learning models, context-

aware recommendations, and feedback-based 

learning. These features make the system not only 

effective in its current form but also adaptable for 

future advancements, broadening its applicability 

across various recommendation-driven applications.  
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