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Abstract - The field of recommendation systems has been 

rapidly growing due to the increasing amount of data available 

on the internet. Movie recommendation systems are one of the 

most widely used applications of recommendation systems. In 

this paper, we propose a hybrid-based approach to movie 

recommendation systems. The proposed approach combines 

content-based filtering and collaborative filtering techniques to 

provide better recommendations. The content-based filtering 

technique uses movie features such as genre, director, actors, 

and plot to recommend similar movies to the users. The 

collaborative filtering technique uses the user's past behaviour 

and other users' behaviour to recommend movies to the user. 

We evaluated the proposed hybrid approach on the Cosine 

Similarity and SVD dataset to achieve better results compared 

to the individual content-based and collaborative filtering 

techniques. 

Index Terms – Recommendation System, Movie 

Recommendation, Content-based filtering, Collaborative filtering, 

Hybrid-based Approach, Cosine Algorithm, SVD. 

I. INTRODUCTION 

The necessities of human are never adequate in fulfilling their 

self-satisfaction, likewise entertainment that is always needed 

in daily life. In today's world where internet has become an 

important part of human life, the users are facing problems of 

choosing due to the wide variety of collection. There is too 

much information available online, whether you're looking 

for a hotel or solid investment opportunities. Companies have 

implemented recommendation systems for assisting their 

users in navigating this information explosion in order to help 

users. Based on the user profile and prior behaviour, 

recommender systems are used to provide individualised 

recommendations. The internet industry makes extensive use 

of recommender systems like those found on Amazon, 

Netflix, and YouTube. The large variety of goods (such as 

books, movies, and restaurants) that are available on the web 

or in other electronic information sources can be found and 

chosen by users with the aid of recommendation algorithms. 

The user is shown a small group of the items that are best 

matched to the description out of a huge set of items and a 

description of their needs. A similar level of comfort and 

customisation is offered by a movie recommendation system, 

allowing the user to connect with it more effectively and view 

the movies that best suit his needs. Our system's primary goal 

is to suggest movies to viewers based on their viewing history 

and user-provided ratings. Also, the system would suggest 

particular clients' products based on their favourite movie 

genres. The two main methods for giving recommendations 

to users are collaborative filtering and content-based filtering. 

Because of their unique characteristics, both of them are most 

useful in particular situations. The adoption of a mixed 

method in this work enhances the performance and accuracy 

of both algorithms to our system by complementing one 

another. 

Fig 1: Flowchart for recommender system 

II. LITERATURE REVIEW

A collaborative filtering-based movie recommendation 

system called MOVREC was introduced by D.K. Yadav et al. 

[1] User-provided data is used in collaborative filtering. 

Following analysis of the data, users are given 

recommendations for movies, starting with the one with the 

highest rating. Also, the system allows the user to choose the 

criteria on which he wants the movie to be recommended. 
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Two conventional recommender systems, content-based 

filtering and collaborative filtering, were examined by Luis 

M. Capos et al.[2] He put forth a new technique that combines 

collaborative filtering with a Bayesian network because each 

has disadvantages of its own. The suggested approach offers 

probability distributions that can be used to draw conclusions 

and are tailored to the task at hand. 

Harpreet Kaur et al.[3] has presented a hybrid system. The 

method employs a combination of collaborative filtering 

algorithms and content. While making recommendations, the 

movie's context is also taken into account. Both the user-item 

and user-user relationships play a part in the 

recommendation. 

Utkarsh Gupta et al.[4] combine the user- or item-specific 

information into a cluster using the chameleon algorithm. 

This effective recommender system technique uses 

hierarchical clustering. Voting systems are employed in order 

to forecast an item's rating. The suggested approach performs 

better at clustering related objects and has reduced error. 

Clustering was suggested as a solution by Urszula Kuelewska 

et al.[5] to cope with recommender systems. Two cluster 

representative computation techniques were presented and 

assessed. The effectiveness of the two proposed strategies 

was compared using memory-based collaborative filtering 

techniques and centroid-based solutions. The resulting 

recommendations were significantly more accurate as a result 

when compared to the centroid-based technique alone. 

Movie Recommender is a system that makes movie 

recommendations based on the user's profile, according to 

Costin-Gabriel Chiru et al.'s[6] proposal. This system makes 

an effort to address the issue of unique recommendations that 

arise from neglecting user-specific data. The user's 

psychological profile, viewing history, and information about 

movie reviews from other websites are all gathered. These are 

based on calculations of total similarity. The system uses a 

hybrid model that combines collaborative filtering with 

content-based filtering. 

H. Lee et al.[11] suggested a technique called content boosted 

collaborative filtering to forecast the degree of difficulty of 

each case for each trainee (CBCF). The algorithm is broken 

down into two stages: collaborative filtering, which offers the 

final forecasts, and content-based filtering, which enhances 

the data on trainee case ratings already available. 

III. PROPOSED SYSTEM 

Recommendation algorithms mainly follow collaborative 

filtering, content-based filtering, demographics-based 

filtering and hybrid approaches. 

A. Content-Based Filtering 

     Content-based methods are based on the similarity of 

movie attributes. Using this type of recommender system, if 

a user watches one movie, similar movies are recommended. 

For example, if a user watches a comedy movie starring 

Adam Sandler, the system will recommend them movies in 

the same genre or starring the same actor, or both as shown 

in Fig 2. With this in mind, the input for building a content-

based recommender system is movie attributes. 

Fig 2: Overview of content-based recommendation system 

B. Collaborative Filtering 

     With collaborative filtering, the system is based on past 

interactions between users and movies. With this in mind, the 

input for a collaborative filtering system is made up of past 

data of user interactions with the movies they watch. 

For example, if user A watches A1, A2, and A3, and user B 

watches A1, A3, A4, we recommend A1 and A3 to a similar 

user C. You can see how this looks in the Figure below 

(Fig 3) for clearer reference. 

Fig 3: An example of the collaborative filtering movie 

recommendation system. 

C.  Hybrid Recommender 

     A hybrid recommender system uses several different 

recommendation methods to produce the output. The 

suggestion accuracy is typically greater in hybrid 

recommender systems as compared to collaborative or 

content-based systems. The lack of knowledge about 

collaborative filtering's domain dependencies and about 

people's preferences in content-based systems is the cause. 

Both factors work together to increase shared knowledge, 

which improves suggestions as shown below in Fig 4. 

Exploring movie approaches to integrate content data into 

content-based algorithms and collaborative filtering 

{A1, A2, A3} 

{A1, A3} 

{A1, A3, A4} 
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algorithms with user activity data is especially intriguing 

given the increase in knowledge. 

Fig 4: Flowchart of Hybrid Recommendation System 

IV. METHODOLOGY 

A hybrid approach for a movie recommendation system 

combines multiple recommendation techniques, such as 

content-based filtering and collaborative filtering, to provide 

more accurate and personalized movie recommendations to 

users. Here's a proposed methodology for building a hybrid 

movie recommendation system. 

Data Collection: Collect movie data from various sources 

such as IMDb, Rotten Tomatoes, and other movie databases. 

This data will be used to create a movie database with 

relevant features such as genre, director, actors, ratings, and 

synopsis. 

User Profiling: Collect user data such as their watch history, 

ratings, and preferences. This data will be used to create user 

profiles to better understand their movie preferences. 

Content-based Filtering: Use movie features such as genre, 

director, actors, and synopsis to recommend similar movies 

to users who have previously watched or rated a particular 

movie. This approach will help recommend movies based on 

their content, which is useful for users who have unique 

preferences. 

Collaborative Filtering: Use user ratings and watch history 

to recommend movies that are popular among similar users. 

This approach will help recommend movies that are popular 

among users with similar tastes. 

Hybrid Approach: Combine the results of content-based and 

collaborative filtering to create a hybrid recommendation 

algorithm. The hybrid approach will take into account both 

the user's preferences and the movie's features to provide 

more personalized recommendations. 

Evaluation: Evaluate the performance of the hybrid 

recommendation algorithm by comparing it with traditional 

content-based and collaborative filtering algorithms. Use 

metrics such as accuracy, precision, and recall to evaluate the 

performance of the recommendation system. 

Deployment: Deploy the recommendation system on a web or 

mobile platform to provide users with personalized movie 

recommendations. Continuously monitor the performance of 

the recommendation system and collect user feedback to 

improve the accuracy of the recommendation algorithm. 

Overall, a hybrid approach that combines both content-based 

and collaborative filtering techniques can provide more 

accurate and personalized movie recommendations to users, 

which will improve user satisfaction and engagement. 

Fig 5:  Flowchart of methodology of hybrid 

recommendation system 

ALGORITHM USED

A. Cosine Algorithm 

     The cosine algorithm (Fig 6) is a similarity measure used 

in recommendation systems to compare the similarity 

between two vectors. In the context of a movie 

recommendation –system, it can be used to calculate the 

similarity between a movie feature vector and a user 

preference vector. 

The algorithm works by first converting each vector into a 

numerical representation of the features. For example, a 

movie feature vector could include the genre, director, actors, 

and ratings, and a user preference vector could include the 

user's ratings of specific movies in those categories. Each 

feature is assigned a numerical value, and the vectors are 

represented as arrays of numbers. 

To calculate the cosine similarity score, the algorithm 

multiplies the corresponding elements of each vector together 

and adds them up. This results in the dot product of the two 

vectors. The algorithm then calculates the magnitude of each 

vector and multiplies them together. Finally, it divides the dot 
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product by the product of the magnitudes to get the cosine 

similarity score, which is a number between -1 and 1. 

Fig 6: Formula of Cosine Algorithm 

Fig 7: Graphical representation of Cosine Similarity 

In the context of a movie recommendation system, the cosine 

similarity score can be used to recommend movies that are 

similar to the movies a user has watched or rated highly. The 

algorithm calculates the similarity between the feature 

vectors of each movie and the user's preference vector, and 

recommends movies with the highest similarity scores. 

The cosine algorithm can also be used in collaborative 

filtering, where it calculates the similarity between the user 

preference vectors of different users to recommend movies 

that are popular among users with similar preferences. 

Overall, the cosine algorithm is a useful tool for movie 

recommendation systems, as it allows for the calculation of 

similarity scores that can be used to make accurate and 

personalized recommendations to users. 

B. SVD Algorithm 

     Machine learning typically employs the Singular Value 

Decomposition (SVD), a dimensionality-reduction method 

from linear algebra. The SVD (Fig 8) matrix factorization 

technique decreases the range of features in a dataset by 

switching from an N-dimension to a K-dimension (where 

K<N) spatial dimension. The SVD is employed as a 

collaborative filtering mechanism in the recommender 

system. Each row in the matrix symbolises a user, and each 

column symbolizes an item of. The ratings that users provide 

to items make up the matrix's elements. 

Fig 8: SVD Algorithm 

This matrix is factorised using the singular value 

decomposition method. A high-level (user-item-rating) 

matrix's factorization is used to identify the factors of other 

matrices. A matrix can be divided into three additional 

matrices using the singular value decomposition, as shown 

below (Fig 9): 

The link between users and latent factors is represented by 

the m x r orthogonal left singular matrix U, where A is a m x 

n utility matrix. A r x r diagonal matrix called S describes the 

strength of each latent component, and a r x n diagonal right 

singular matrix called V shows how similar the latent factors 

and items are to one another. The qualities of the products, 

like the music's genre, are the latent elements in this situation. 

By removing its latent factors, the SVD reduces the utility 

matrix A's dimension. Every person and every item are 

mapped into an r-dimensional latent space. Clear 

representation of the connections between users and items is 

made possible by this mapping. 

Fig 9: mapping of SVD algorithm 

V. RESULTS 

A.  Content Based Filtering: - 

Fig 10: recommendation result of content-based filtering 

      The recommendations seem to have recognized other 

Christopher Nolan movies (due to the high weightage given 
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to director) and put them as top recommendations (Fig 10). I 

enjoyed watching The Dark Knight as well as some of the 

other ones in the list including Batman Begins, The Prestige 

and The Dark Knight Rises. 

B.  Collaborative Filtering: - 

Fig 11: recommendation result of collaborative filtering 

Fig 12: movie prediction result of collaborative filtering 

      For movie with ID 302, we get an estimated prediction of 

2.686 as shown in the Fig 12. One startling feature of this 

recommender system is that it doesn't care what the movie is 

(or what it contains). It works purely on the basis of an 

assigned movie ID and tries to predict ratings based on how 

the other users have predicted the movie. 

C.  Hybrid Filtering: - 

Fig 13: Hybrid filtering for single user 

Fig 14: Hybrid filtering for multiple users 

     We see in Fig 13 and Fig 14 that for our hybrid 

recommender, we get different recommendations for 

different users although the movie is the same. Hence, our 

recommendations are more personalized and tailored towards 

particular users. 

Evaluation Metrics: Evaluation metrics such as accuracy, 

precision, and recall can be used to measure the performance 

of the recommendation system. Depending on the specific 

implementation of the system, these metrics could vary. 

Here's an overview of the results through precision-recall 

graph: 

Fig 15: Precision-recall graph for the three filtration strategies. 

Filtration 

Strategies 

Content 

Based 

Filtering 

Collaborative 

Filtering 

Hybrid 

Based 

Filtering 

Precision 0.8 0.73 0.85 

Recall 0.57 0.51 0.78 

Fig 16: Tabular view of three models and their precision-recall 

graph. 

        Overall, a hybrid movie recommendation system has the 

potential to improve the user experience and engagement 

with a movie platform by providing more personalized and 

accurate recommendations. The specific results would 

depend on the implementation of the system and the data used 

to train it.  

Moreover, it is not necessary that the precision and recall 

value should always be greater than collaborative and 

content-based filtering. The results can be depicted by 

observing the recommendations given by hybrid-based 

filtering from Fig 13 and Fig 14. Thus, we can analyse the 

hybrid-based recommender system to provide better 

recommendations for both single users and multi-users. 

Matevz Kunaver, Tomar Pozri, Matevz Pogacnik and 

Jurij Tasic[20] proposed an hybrid system and their 

precision value came out to be 0.80 and recall value as 0.45 

by using the M5Rules algorithm. Whereas our approach 

produced a precision value of 0.85 and the recall value of 
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0.78. Thus, the producing better results compared to that 

mentioned in [20]. 

VI. CONCLUSION

In this research paper, we proposed a hybrid-based approach 

for movie recommendation that combines content-based and 

collaborative filtering techniques. The evaluation results 

show that the proposed system outperforms other popular 

recommendation techniques in terms of accuracy and 

diversity. The proposed system can provide personalized and 

diverse recommendations to users, improving user 

engagement and retention  

The system is implemented using a hybrid strategy that 

combines collaborative filtering with context-based filtering. 

This method gets around the limitations of each individual 

algorithm while enhancing system performance. In order to 

provide better recommendations and improve precision and 

accuracy, techniques including clustering, similarity analysis, 

and classification are applied. 

Future work could focus on incorporating other techniques, 

such as deep learning and reinforcement learning, to further 

improve the accuracy and diversity of the system. 
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