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Abstract

In today’s digital age, recommendation systems
significantly enhance user experience by delivering
personalized content. This research presents a content-
based movierecommendation system that leverages
cosine similarity to suggest relevant films based on
movie descriptions and metadata. The system performs
data preprocessing, vectorizes textual content using the
Term Frequency-Inverse Document Frequency (TF-IDF)
method, and calculates similarity scores to rank
recommendations.

Developed using Python libraries such as Pandas,
NumPy, and Scikit-learn, the system features an
interactive interface created with Streamlit. Unlike
collaborative filtering, which depends on user behavior
and suffers from cold-start issues, the content-based
approach offers consistent results without requiring
prior user data. While deep learning models provide
improved accuracy, they demand high computational
resources and large datasets, which may not be feasible
in many real-world applications. Experimental results,
presented through tables, graphs, and Venn diagrams,
validate the system’s effectiveness. The paper also
discusses limitations in tracking evolving user
preferences and proposes future enhancements using
hybrid models and transformer-based NLP techniques
to improve recommendation accuracy.

Key-Words: A Cosine Similarity, Scikit Learn, Movie
Recommendation, NLP, Collaborative Filtering, Content-
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1. INTRODUCTION

With so many movies available online, finding
something worth watching can be overwhelming. That's
where movie recommendation systems come in—they
help users discover films that match their preferences.
Traditionally, systems like collaborative filtering have
been used, which rely on user behavior and ratings. But
these systems often struggle when there’s little or no
user data, especially for new users or new movies. In

this project, 1 focused on building a content-based
recommendation system. This method uses the actual
features of a movie—Ilike its plot, genre, or cast—to find
similar titles. By converting movie descriptions into
numerical vectors using TF-IDF and then measuring the
similarity between them with cosine similarity, we can
recommend films that are thematically close. This
system is particularly useful when we don’t have any
user history to work with.

2. LITERATURE REVIEW

Researchers have proposed different techniques for
movie recommendations over the years. The most
popular ones include collaborative filtering, content-
based filtering, and hybrid systems that combine
both.[1] Collaborative filtering, while effective, has
known issues like the cold-start problem—it needs a lot
of user interaction data to work well.[2] Content-based
filtering is a practical alternative. It looks at item
features to make suggestions. For example, Lops et al.
(2011) emphasized how useful text analysis

techniques like TF-IDF and word embeddings are in
these systems.[3] Musto et al. (2017) found that
combining deep learning with content-based filtering
improved accuracy.[4] Other studies, like the one by
Zhang et al. (2020), showed that cosine similarity works
better than other methods such as Jaccard or Euclidean
distance, especially when dealing with high-
dimensional text data.[5] This paper builds on these
studies by using TF-IDF and cosine similarity to
recommend movies based on their descriptions.[6]

3. PROPOSED FRAMEWORK

Workflow Overview: The system follows a clear
process:

e Data Collection: Collect movie information
such as descriptions, genres, and cast.

e Preprocessing: Clean the data by removing
unnecessary elements like stopwords and
special characters.
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e Feature Extraction: Use TF-IDF to turn the
cleaned text into numerical data.

e Similarity Calculation: Apply cosine similarity
to find movies that are textually similar.

e Recommendation: Rank and suggest the top 5
most similar movies.

o User Interface: Use Streamlit to let users enter
a movie title and see recommendations

instantly.
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Fig 1: Workflow Diagram
3.1 Data Collection and Preprocessing

The dataset was compiled from reliable online sources
and included key fields like plot summaries, genres, and
actor details. Preprocessing involved cleaning the text,
removing noise, and standardizing it using tokenization
and stemming.[7][8]

3.2 Feature Extraction

We used TF-IDF to give weight to words based on how
unique or common they were across all
descriptions.[10] Dimensionality reduction methods
like SVD can also be used to reduce the size of the
feature matrix while keeping important information
intact.[11][12]

3.3 Similarity Computation

Cosine similarity helped us determine how similar two
movies are based on their text vectors.[13] A higher
similarity score meant the movies were closely related
in theme.[14]

3.4 Recommendation Generation

After computing similarity scores, we sorted the movies
and picked the top five with the highest scores.[15]
Additional factors like genre and cast were considered
to diversify the suggestions.[16]

3.5 User Interface

We wused Streamlit to design an interactive
interface.[17] Users can input a movie title and see
recommendations along with visual explanations such
as similarity scores and bar charts.[18]

4. EXPERIMENTAL RESULT

To test how well the system works, we used a curated
dataset and visual tools like graphs and tables.

4.1 Dataset Stats

The dataset included a variety of movies across
different genres and had detailed information on each.
This diversity helped improve recommendation quality.

4.2 Cosine Similarity vs. Other Similarity
Measures

This fig.2 illustrates comparison of cosine similarity
with other methods like Euclidean distance and Jaccard
similarity. Cosine similarity performed best, especially
in identifying movies with similar themes.

Cosine Similarity vs Other Similarity Measures

—a— Cosine Similarity
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Fig 2: Cosine Similarity vs Other Similarity Measures

4.3 Overlap Between Content-Based and
Collaborative Filtering Recommendations

This fig.3 A Venn diagram showed how content-based
and collaborative filtering recommend different sets of
movies. This supports the idea that combining both
methods (hybrid systems) could give better results.
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Venn Diagram of Recommendations

Content-Based Collaborative

Fig 3: Venn Diagram of Content-Based vs Collaborative
Recommendation

4.4 Example Recommendations for Selected Movies

This table presents example outputs from the
recommendation system. For each selected movie input,
the top 5 most similar movies are listed based on cosine
similarity scores. These examples showcase the
system’s ability to retrieve thematically consistent and
contextually relevant movie suggestions, validating its
real-world applicability.

Table 1. Example Recommendations for selected

ovies
Recommendation Based on Movie
Selected Recommen | Recommen | Recommen
Movie ded 1 ded 2 ded 3
Inception The Matrix | Interstellar | Looper
Titanic Avatar The The

Notebook Revenant

The God | Goodfellas Scarface Casino
Father

5. COMPARISON WITH OTHER APPROACHES

This section provides a comparative analysis between
the proposed content-based filtering approach and two
prominent recommendation methodologies:
collaborative filtering and deep learning-based
recommendation systems. Each method is evaluated in
terms of precision, recall, scalability, and computational
efficiency to highlight their relative strengths and
limitations.

5.1 Content-Based Filtering vs. Collaborative
Filtering

Content-based filtering relies on movie features. It
works well for new users but can miss out on variety.

Collaborative filtering uses user behavior and offers
more diverse results but struggles with new data.

5.2 Content-Based Filtering vs. Deep Learning-
Based Approaches

Deep learning models like CNNs, RNNs, or transformers
can give highly accurate results by learning complex
patterns. But they require lots of data and processing
power. In contrast, our content-based model is simple,
fast, and easy to deploy.

5.3 Summary of Comparison

e Table 3 provides a side-by-side comparison of
accuracy, computational cost, and cold-start
handling.

e fig5 illustrates the performance metrics
(precision, recall, F1-score) of content-based
filtering, collaborative filtering, and deep
learning models.

The analysis confirms that while content-based filtering
is  efficient and accurate for  short-term
recommendations, collaborative filtering and deep
learning models offer improved personalization for
long-term user engagement when sufficient data is
available.

The content-based filtering approach is compared with
collaborative filtering and deep learning-based
recommendation models in terms of precision, recall,
and computational efficiency.

6. PRECISION AND RECALL

Content-based filtering has demonstrated high
precision in recommending movies that closely match a
user's interests by analyzing textual metadata, such as
movie descriptions, genres, cast, and keywords. This
technique excels at identifying similarities between
items, ensuring that the recommended content aligns
closely with the attributes of the movies a user has
previously enjoyed. However, one of its main limitations
is lower recall, meaning it might not capture the full
range of a user’s preferences, especially for movies
outside the immediate similarity scope of past
selections.

In contrast, collaborative filtering relies on user
behavior and interaction patterns, such as ratings,
watch history, and preferences of similar users. This
approach often provides better diversity and novelty in
recommendations but may suffer from issues like the
cold start problem for new users or items.
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To address these challenges, recent studies emphasize
the effectiveness of hybrid recommendation systems.
By combining content-based filtering with collaborative
filtering, hybrid models can leverage the strengths of
both approaches. Such systems typically show
improved recommendation accuracy, balancing
precision (relevance of recommendations) with recall
(completeness of user preference coverage). As a result,
hybrid models have become a preferred choice in
modern recommendation systems for delivering
personalized, diverse, and relevant movie suggestions.

1600 Performance Comparison of Content-Based Recommendation Algorithms
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= Recall
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Fig 4: Comparison of Recommendation Algorithms

Table 2. Performance comparison of Content-Based
Recommendation Algorithms

Performance Comparison

Algorithm Precision Recall F1 Score
TF-IDF + Cosine | 0.89 0.87 0.88
Similarity

CounterVectorizer + | 0.87 0.85 0.86
Cosine Similarity

Word2Vec + Cosine | 0.91 0.88 0.89
Similarity

Bert Embedding + | 0.93 0.90 091

Cosine Similarity

7. COMPUTATIONAL EFFICIENCY

The content-based approach using TF-IDF and cosine
similarity is computationally efficient for small to mid-
sized datasets. In contrast, deep learning-based models,
such as neural networks, require significantly higher
computational resources and large datasets for training.
Collaborative filtering, particularly matrix factorization
methods, can also be computationally expensive
depending on the number of users and items.

A comparative analysis is provided in the following
formats:

7.1 Comparison of Accuracy, Efficiency, and Cold-
Start Handling

This table 3. compares Content-Based Filtering,
Collaborative Filtering, and Deep Learning models
across three key aspects:

e Accuracy in recommending relevant movies
o Efficiency in terms of computation time
e Cold-start handling for new users or items

Table 3. Comparison Summary

Comparison Summary

Method Recommend | Recomme | Recomme
ed1 nded 2 nded 3

Content-Based Medium Week

Filtering High

Collaborative High Medium Moderate

Filtering

Deep Learning Very High Low Strong

Content-based filtering is efficient and handles cold-
starts well. Collaborative filtering offers good accuracy
but struggles with cold-starts. Deep learning provides
high accuracy but requires more computation.

7.2 Performance Comparison Using Real-World
Data

This fig.5 compares the performance of different
recommendation methods using metrics like Precision,
Recall, and F1-Score.

Performance Comparison of Recommendation Methods

W Accuracy
mam Efficiency

Score

Content-Based Collaborative Deep Learning

Fig 5: Performance Comparison of Recommendation
Methods
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8. CONCLUSION

This

study

presents a content-based movie

recommendation system using cosine similarity. The
model effectively recommends similar movies based on
textual features. However, content-based filtering has
limitations, such as reliance on available metadata and
the inability to capture user preferences over time.

Future

enhancements include integrating hybrid

filtering techniques that combine content-based and
collaborative approaches, as well as exploring deep
learning models for improved accuracy.
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