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Abstract 

This research outlines a movie recommendation system that recommends movies based on 
the user's input. It analyses the movie descriptions to recommend thematically related films 
based on content-based filtering.  The system pre-processes movie data from a CSV file. It 
selects relevant features like genres and cast descriptions from it. These features are 
combined and transformed using TF-IDF (Term Frequency-Inverse Document Frequency) to 
capture the importance of words within descriptions. Cosine similarity then calculates the 
thematic similarity. This is between the user's chosen movie (potentially corrected for typos) 
and other movies. Finally, the system recommends the top N (default 30) most similar movies 
to the user. This recommendation system provides movie descriptions, recommends movies 
that share similar themes based on the user inputs. 

Keywords. Content-based filtering, Thematically related films, TF-IDF (Term Frequency-Inverse Document 
Frequency), Cosine similarity. 

1. INTRODUCTION 

In today's ever-expanding cinematic landscape, navigating the vast array of movies can be a daunting 
task. Choosing the perfect film can feel like searching for a hidden gem. This is where movie 
recommendation systems come in, offering personalized suggestions to guide viewers towards their 
next cinematic adventure. 

This research delves into a content-based movie recommendation system that transcends mere genre 
suggestions. The proposed work is beyond the surface level and delve into the rich tapestry of movie 
descriptions. By analysing the thematic weight of words within these descriptions, the system fosters 
a more content-driven approach to recommend movies of user interest. 

This approach provides several advantages. It allows users to discover movies that share similar 
themes and artistic expressions with their initial selection, even if they fall outside the typical genre 
boundaries. Furthermore, it empowers viewers to explore hidden gems and embark on unexpected 
cinematic journeys that resonate with their specific preferences. 
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The power of TF-IDF and cosine similarity application are used in this research to find the 
thematically related movies. This system aims to empower viewers to embark on a personalized 
cinematic odyssey, filled with films that resonate with their unique tastes. 

2. METHODOLOGY 

The methodology section outlines the dataset, pre-processing steps, model implementation, training, 
evaluation, and the ensemble method used to improve classification performance. The methodology 
for this system takes many steps as discussed below. 

7.1 Data pre processing 

The data pre-processing step involves cleaning the dataset, handling missing values, and scaling 
features as shown in the Figure 2.1.  

 

Fig 2.1: Data Pre Processing 

Reading the Script: The system starts by reading movie data from a CSV file. This file is assumed to contain 
various attributes of each movie, such as title, genre(s), keywords, tagline, cast, and director. 

Feature Focus: Not all movie information is equally relevant for recommendations. The system selects specific 
features that provide rich insights into a movie's content. These features typically include genres (e.g., comedy, 
thriller), keywords (e.g., dark humor, time travel), tagline (a concise summary of the movie's plot or theme), cast 
(actors and actresses involved), and director (their filmmaking style and thematic preferences). To understand a 
movie's essence, the system goes beyond just genres. It delves into richer details. Genres, like comedy or 
thriller, provide a broad category. But keywords offer a deeper look, with tags like "dark humor" or "time 
travel" revealing specific themes. The tagline, a concise summary, captures the movie's core message. Even the 
cast and director provide clues. Actors like Jackie Chan are known for action comedies, while different directors 
often have signature styles and thematic preferences. By combining all these elements  genres, keywords, 
tagline, cast, and director  the system creates a comprehensive description for each movie, allowing for more 
nuanced recommendations. 

Missing Pieces, handled with Care: Real-world data often contains missing values. The system addresses 
missing data points in the chosen features. A common approach is to fill them with empty strings. While this 
doesn't introduce additional information, it avoids skewing the analysis during later stages. 
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Weaving the Narrative Tapestry: Once the data is cleaned, the system combines the selected features for each 
movie. This creates a comprehensive description for every movie, encompassing its genre, thematic keywords, 
tagline, and information about the cast and director. By combining these elements, the system creates a richer 
representation of each movie's content. 

2.2 Algorithms Used 

TF-IDF (Term Frequency-Inverse Document Frequency) 

The Vectorizer's Magic: Now, we enter the world of Natural Language Processing (NLP). Here, a TF-IDF 
(Term Frequency-Inverse Document Frequency) vectorizer is created. This tool analyzes the combined movie 
descriptions and transforms them into numerical feature vectors. Imagine a vector as a special code that captures 
the importance of different words within the description. 

Term Frequency: Shining a Light on Frequent Flyers: TF-IDF considers how often each word appears within a 
particular movie description. Words that show up more frequently are likely more important for understanding 
the movie's content. The TF-IDF vectorizer assigns a weight to each word based on its frequency, reflecting its 
significance within that specific movie. 

 Inverse Document Frequency: Not All Stars Shine Equally Bright: TF-IDF goes beyond just counting word 
occurrences. It also considers the inverse document frequency (IDF) of each word. Words that appear very 
frequently across all movie descriptions (e.g., "the," "a") are less important for distinguishing a particular 
movie's theme. IDF downplays the weight of such common words, ensuring that words unique and informative 
for a specific movie have a greater influence in the recommendation process. 

The Power of the Vector: Through TF-IDF, each movie description is transformed into a numerical vector. 
This vector captures the importance of various words within the description, providing a more sophisticated 
representation of the movie's content compared to simply using raw text. 
 
2.3 Model Training and Evaluation 

The models were trained on the TF-IDF vectors of the training set and evaluated using the testing 
set. The following metrics were used for evaluation: 

 Accuracy: [6] 

Accuracy = 
TP  + TN  

Total Count 
 

 Precision: [6] 

 

Accuracy = 
TP   

Predicted Yes 
 

 Recall: [6]           

            

Recall =          
TP  

Actual Yes 
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8. RESULTS 

 

Figure 3.12  

This research work of movie recommendation system, personalizes suggestions based on movie 
content. The sample result based on the user input is as shown in the Figure 3.1. By utilizing TF-IDF 
technique and by leveraging cosine similarity it analyses the importance of words within movie 
descriptions. By considering features like genres, keywords, tagline, cast, and director, the system 
creates a richer representation of each movie's theme. Comparing these representations, movies with 
similar thematic content are recommend to a user. It offers a personalized content-based approach that 
helps users discover movies that share themes and styles. 

9. CONCLUSION 

In conclusion, this content-based movie recommendation system offers a personalized approach to 
exploring the vast cinematic landscape. By leveraging TF-IDF and focusing on movie content, the 
system empowers users to discover hidden gems that resonate with their thematic preferences, taking 
them on unexpected cinematic journeys. 
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