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Abstract

The rapid growth of digital movie streaming platforms has significantly increased
the number of movies available to users. Although this abundance of content
provides greater viewing options, it also creates challenges for users in identifying
movies that match their preferences. Conventional search methods are often
inefficient because users must manually browse large collections of movies before
making a selection. Therefore, an intelligent recommendation system is required to
provide personalized movie recommendations based on movie characteristics. This
study aims to develop a movie recommendation system using the Content-Based
Filtering (CBF) approach implemented in Python. The proposed system utilizes
movie metadata, including genres, overviews, keywords, cast members, and
directors, to represent each movie. Text preprocessing techniques are applied to
clean and normalize the textual data before transforming it into numerical vectors
using the Term Frequency-Inverse Document Frequency (TF-IDF) method.
Subsequently, Cosine Similarity is employed to calculate the similarity between
movies and generate recommendation lists according to user preferences. The
system is developed using Python and several supporting libraries, including
Pandas, NumPy, and Scikit-learn. Mean Average Precision (MAP) of 0.876, and an
NDCG@10 of 0.904. The system also obtained a Recall@10 of 0.893, indicating that a
high proportion of relevant movies were successfully retrieved. These results
demonstrate that the integration of TF-IDF and Cosine Similarity with multiple
movie metadata features can effectively generate relevant and well-ranked movie

recommendations.
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1. Introduction

The rapid advancement of information technology has transformed the way
people access digital entertainment. Online streaming services such as Netflix,
Disney+, Amazon Prime Video, and similar platforms provide users with thousands
of movies from various genres, languages, and production years. Although the
availability of extensive movie collections offers greater flexibility, it also introduces
a new challenge known as information overload [1], [2]. Users often experience
difficulties when selecting movies that correspond to their individual preferences
because they must navigate through a large amount of available content.

Recommendation systems have become one of the most effective solutions to
overcome this problem. A recommendation system is an intelligent information
filtering system designed to provide users with personalized suggestions by
analyzing available data and user preferences. In movie recommendation
applications, recommendation systems reduce users' searching time while
improving satisfaction by presenting movies that are likely to match their interests.

Among various recommendation techniques, Content-Based Filtering (CBF)
has become one of the most widely adopted approaches [3], [4]. Unlike collaborative
filtering, which depends on interactions from multiple users, Content-Based
Filtering recommends items based on the similarity of item attributes. In the context
of movie recommendation, these attributes may include genres, plot summaries,
keywords, cast members, and directors [5]. Consequently, recommendations are
generated according to the characteristics of movies previously preferred by users.

Several previous studies have demonstrated the effectiveness of Content-Based
Filtering in recommendation systems. The method provides personalized
recommendations without requiring extensive user interaction history and performs
well when recommending newly added items. To improve recommendation
accuracy, Content-Based Filtering is frequently integrated with text mining
techniques. Text preprocessing transforms unstructured textual information into
structured representations suitable for computational analysis. The Term
Frequency-Inverse Document Frequency (TF-IDF) weighting method is commonly
applied to identify important terms within movie descriptions, whereas Cosine
Similarity measures the similarity between movie vectors to determine
recommendation relevance [6].

Python has become one of the most popular programming languages for
implementing recommendation systems because of its simplicity and

comprehensive ecosystem of data science libraries [7]. Libraries such as Pandas,
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NumPy, and Scikit-learn facilitate data preprocessing, feature extraction, similarity
computation, and model implementation efficiently. These tools enable rapid
development while maintaining high computational performance.

Based on these considerations, this research proposes the development of a
movie recommendation system using the Content-Based Filtering approach
implemented in Python. Movie metadata are processed through text preprocessing
techniques and transformed into TF-IDF vectors before similarity calculations are
performed using Cosine Similarity. The resulting system is expected to generate
relevant movie recommendations that correspond to user preferences while

improving the efficiency of movie discovery within large movie collections.

2. Methods
2.1 Related Works

Recommendation systems have become an essential component of modern
information retrieval applications. Their primary objective is to assist users in
discovering items that match their interests while reducing the effort required to
search through extensive collections of available content. The rapid growth of digital
media platforms has significantly increased the importance of recommendation
systems, particularly in domains such as e-commerce, online education, music
streaming, and movie streaming services [8], [9].

According to Ricci, Rokach, and Shapira [10], recommendation systems are
intelligent information-filtering tools designed to predict the relevance of an item for
a specific user based on available information. In movie streaming platforms,
recommendation systems improve user satisfaction by presenting movies that
correspond to individual preferences, thereby reducing information overload and
enhancing the overall viewing experience.

Recommendation techniques are generally classified into three categories:
Collaborative Filtering, Content-Based Filtering, and Hybrid Recommendation
Systems. Collaborative Filtering generates recommendations based on the
preferences and behaviors of similar users [11]. Although this approach often
provides high recommendation accuracy, its performance depends heavily on the
availability of sufficient user interaction data and is susceptible to the cold-start
problem for new users or newly added items [12], [13].

Content-Based Filtering (CBF) represents an alternative approach that focuses
on the characteristics of the items themselves. Rather than relying on the opinions or
behaviors of other users, the system analyzes item attributes and recommends items
with similar characteristics to those previously preferred by the user. Because

recommendations are generated directly from item descriptions, Content-Based
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Filtering can effectively recommend newly added items without requiring historical
ratings from multiple users.

Pazzani and Billsus [14] introduced Content-Based Filtering as a
recommendation approach that utilizes item descriptions and user preference
profiles to predict user interests. The fundamental assumption of this method is that
users who appreciate a particular item are likely to be interested in other items
sharing similar characteristics. Consequently, recommendation quality depends
largely on the representation of item features and the effectiveness of similarity
measurement techniques.

In movie recommendation systems, Content-Based Filtering commonly utilizes
metadata such as movie genres, plot summaries, keywords, cast members, directors,
and production information. These descriptive attributes provide sufficient
information to characterize each movie and establish relationships among movies
based on their semantic similarity. Compared with Collaborative Filtering, this
approach offers greater transparency because the recommended movies share
identifiable content characteristics with the user's preferred movies.

Several previous studies have demonstrated the effectiveness of Content-Based
Filtering for movie recommendation. Pazzani and Billsus reported that content-
based approaches successfully generate personalized recommendations using item
descriptions without depending on community ratings. Furthermore, Lops, de
Gemmis, and Semeraro [15] presented a comprehensive review of Content-Based
Recommendation Systems and concluded that content-based techniques effectively
address the new-item problem while maintaining personalized recommendation
capabilities. Their work also emphasized that recommendation performance can be
substantially improved through appropriate feature extraction and text
representation methods.

Another important contribution was presented by Musto et al. [16], who
incorporated text mining techniques into Content-Based Recommendation Systems.
Their research demonstrated that textual information extracted from item
descriptions significantly improves recommendation quality because semantic
similarities between documents can be represented more accurately. Their findings
highlight the importance of combining recommendation algorithms with natural
language processing techniques to enhance recommendation relevance.

Movie recommendation represents one of the most popular applications of
recommendation systems because movies contain rich descriptive information that
can be analyzed computationally. A typical movie dataset includes attributes such
as title, genre, overview, keywords, cast, directors, release year, and user ratings.
These metadata provide multiple sources of information that enable

recommendation algorithms to identify similarities among movies with high

INTRO: Jurnal Informatika dan Teknik Elektro Vol. 5 No. 1 (2026)



Heru Tri Ahmanto, Sugeng Hendra Wijaya, 1 Gede Wiryawan

precision. As movie collections continue to expand on digital streaming platforms,
automated recommendation becomes increasingly necessary to support efficient
content discovery.

Since movie descriptions consist primarily of textual information, text mining
techniques play an important role in feature extraction [17]. Raw textual data
generally contain punctuation, inconsistent letter capitalization, stop words, and
other irrelevant elements that may negatively affect recommendation performance.
Therefore, preprocessing operations—including text normalization, lowercase
conversion, tokenization, and stop-word removal—are performed before feature
extraction. These processes transform unstructured textual data into standardized
representations suitable for computational analysis.

Among numerous feature extraction techniques, Term Frequency-Inverse
Document Frequency (TF-IDF) remains one of the most widely used methods for
representing textual documents numerically [18]. TF-IDF evaluates the importance
of each term by considering both its frequency within an individual document and
its rarity across the entire document collection. Frequently occurring words in a
specific movie description receive higher weights, while common words appearing
in many movie descriptions receive lower weights. Consequently, TF-IDF produces
meaningful numerical representations that preserve the distinctive characteristics of
each movie.

Although previous studies have shown that Content-Based Filtering can
provide effective recommendations, some limitations still exist, as shown in Table
1. Many studies mainly use textual descriptions to represent movies, while other
important movie information, such as genres, keywords, cast, directors, and
overviews, is not always fully used. The performance of Content-Based Filtering also
depends on the quality of text preprocessing and feature representation. TF-IDF is
useful for identifying important and unique words, but it mainly depends on word
frequency and may not fully understand the meaning or relationship between
different words. As a result, movies may be recommended because their texts are
similar, even though they may not be the most relevant movies from a broader
content perspective. Therefore, this research aims to develop a Content-Based Movie
Recommendation System that combines important movie metadata into one unified
text representation. The proposed system uses appropriate text preprocessing, TF-
IDF for feature extraction, and Cosine Similarity to measure the similarity between
movies. By combining multiple movie attributes instead of using only one textual
feature, this research is expected to provide more relevant and consistent
recommendations while keeping the Content-Based Filtering approach simple and

easy to understand.
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Table 1. Summary of Related Studies and Research Position

Recommendation Main . . o Limitation /
Study Features/ Technique  Main Contribution
Approach Research Gap
Data
[14] Content-Based Item Content- Demonstrated the Recommendation
Filtering descriptio based effectiveness of quality depends
ns and recommen using item strongly on the
user dation descriptions to quality of item
preference predict user representation and
profiles interests without feature extraction
relying on
community ratings
[15] Content-Based Item Content- Provided a Performance
Recommendation  characteri based comprehensive remains dependent
sticsand  techniques  review of content- on appropriate
descriptiv based feature extraction
e recommendation  and representation
informatio systems and methods
n highlighted their
ability to address
the new-item
problem
[16] Content-Based Textual Text Demonstrated that More advanced

Recommendation informatio miningand textual information
nand user text-based can improve
reviews recommen recommendation
dation quality by
representing
semantic

similarities more

effectively
This Content-Based Genres, Text Integrates multiple
Study Filtering overview, preprocessi =~ movie metadata

keywords, ng, TE-IDF, attributes into a
cast,and  and Cosine unified textual
directors  Similarity representation to

generate content-
based movie

recommendations

semantic
representation may
be required to
capture
relationships
between different
terms and

expressions

Still depends on the
completeness of
movie metadata
and may provide

limited
recommendation
diversity because
recommendations
are based on

content similarity
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3.Results and Discussion
3.1 Research Design
This study employed an applied research approach with a quantitative

methodology to develop and evaluate a movie recommendation system based on
the Content-Based Filtering (CBF) technique. The objective of the research was to
design a recommendation model capable of suggesting movies with characteristics
similar to those previously selected by users. Quantitative analysis was adopted
because the recommendation process involves numerical computations, including
text vectorization using the Term Frequency—-Inverse Document Frequency (TF-IDF)
algorithm and similarity measurement using Cosine Similarity.

The overall development process followed the Waterfall software development
model, which consists of five sequential phases: requirement analysis, system
design, implementation, testing, and maintenance. This model was selected because
it provides a structured framework for developing software systems with clearly
defined stages.

3.2 Dataset Description

The recommendation system utilizes a movie dataset containing descriptive
metadata for each movie. The dataset consists of approximately 500 movie records
stored in CSV format. Each record contains information required for representing

movie characteristics in the recommendation process, as shown in Table 2.
Table 2. The Dataset Attribute

Attribute Description
Id Unique identifier of the movie
Title Movie title
Genres Movie genres
Overview Movie overview
Keywords Descriptive keywords
Cast Main actors
Crew Director information

release_date = Release year/date

Rather than relying on user ratings, the proposed recommendation system
generates recommendations using the descriptive information contained in these
metadata attributes. The textual features are combined to represent each movie as a
single document before feature extraction is performed.

3.3 Research Framework
The overall research procedure consists of several sequential stages beginning

with dataset acquisition and ending with recommendation generation.
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The research stages are summarized as follows : a. Dataset collection, b. Data
preprocessing, c. Feature extraction using TF-IDF, d. Similarity computation using
Cosine Similarity, e. Recommendation generation. F. System evaluation. Each stage
contributes to transforming raw movie metadata into meaningful recommendation

results.
3.4 Data Preprocessing

The movie metadata contain textual information originating from different
sources and formats. Therefore, preprocessing is required to improve data
consistency before feature extraction.

The preprocessing procedure consists of the following steps: 1. Missing Value
Handling, 2. Feature Combination, 3. Text Normalization, 4.Tokenization, 5. Stop-

word Removal
3.5 Feature Extraction Using TF-IDF

After preprocessing, the textual documents are transformed into numerical
vectors using the Term Frequency-Inverse Document Frequency (TF-IDF) method.
TF-IDF assigns weights to each word according to its importance within an
individual document and its rarity throughout the entire document collection.
Consequently, terms that uniquely characterize particular movies receive higher

weights than commonly occurring words. The TF-IDF weight is calculated as
TF —IDF qy = TEa) X IDF, (1)
Where :
e TEF(t,d) denotes the frequency of term t in document d.
o IDEF(t) represents the inverse document frequency of term t across the
dataset.
3.6 Similarity Measurement Using Cosine Similarity
Movie similarity is calculated using the Cosine Similarity algorithm. Each
movie is represented as a TF-IDF vector in a multidimensional feature space. Cosine
Similarity computes the cosine of the angle between two vectors, producing
similarity values ranging from 0 to 1.

The similarity between two movies A and B is calculated as
(A X B) )

Cosi = _ _/_
OSIEB) = 1Al % |IBI]

Where
e A represents the TF-IDF vector of the first movie.

e Brepresents the TF-IDF vector of the second movie.
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4.Results and Discussion
4.1 System Development Results

This research produced a movie recommendation system developed using the
Python programming language. The system applies the Content-Based Filtering
(CBF) approach to recommend movies based on similarities in movie content rather
than user rating history. The recommendation process relies on movie metadata,
including genres, movie overviews, keywords, cast members, and directors.

The developed system consists of four primary modules: data preprocessing,
feature extraction, similarity computation, and recommendation generation. These
modules work sequentially to transform raw movie metadata into personalized
recommendation results.

The implementation was carried out using Python and supported by several
scientific computing libraries, including Pandas for data manipulation, NumPy for
numerical computation, and Scikit-learn for TF-IDF vectorization and Cosine
Similarity calculation. These libraries simplify the implementation process while
ensuring computational efficiency.

4.2 Dataset Analysis

The experimental dataset consists of approximately 500 movie records stored
in CSV format. Each movie contains several descriptive attributes that are utilized
during recommendation generation.

The primary dataset attributes include:

* Movie title,

¢ Genres,

e Movie overview,

¢ Keywords,

¢ Cast members,

¢ Director,

¢ Release date

Unlike collaborative recommendation systems, which require user ratings, the
proposed system depends entirely on descriptive movie metadata. Consequently,
recommendation quality is directly influenced by the completeness and quality of
the available movie information. Before feature extraction, all descriptive attributes
were merged into a single textual representation so that every movie could be

represented as one document.
4.3 Data Preprocessing Results

Data preprocessing represents one of the most critical stages because raw

movie metadata contain inconsistent formatting and unnecessary textual elements.
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Several preprocessing operations were performed: Missing Data Cleaning, Feature
Combination, Text Normalization, Tokenization, Stop-word Removal.
4.4 TF-IDF Feature Representation

Following preprocessing, the combined movie descriptions were transformed
into numerical vectors using the TF-IDF algorithm. TF-IDF assigns weights
according to the importance of words within individual movie descriptions, as
shown in Table 3.
Table 3. An Illustrative Example

Word TF-IDF Weight

Action 0.54
Future 0.62
Alien 0.71

War 0.31

Words with higher TF-IDF values contribute more significantly to the identity
of a movie. Consequently, movies sharing distinctive terms are more likely to receive
higher similarity scores. The TF-IDF representation successfully converted
unstructured movie descriptions into numerical feature vectors suitable for
similarity computation.

4.5 Similarity Computation

Movie similarities were computed using the Cosine Similarity algorithm. Every
movie was represented as a TF-IDF vector in a multidimensional feature space.
Cosine Similarity measured the angular distance between vectors, producing
similarity values ranging from 0 to 1. Higher similarity values indicate stronger
relationships between movies. The similarity matrix generated during this stage
became the primary knowledge base used by the recommendation engine.

4.6 Recommendation Results

The recommendation system generates recommendations after users select a
movie. As an example, when the input movie is Avatar, the system recommends
movies that share similar content characteristics, as shown in Table 4.

Table 4. An Illustrative Example

Rank Recommended Movie  Similarity Score

1 John Carter 0.89

2 Guardians of  the 0.86
Galaxy

3 Star Trek 0.84

4 Interstellar 0.81

5  Jupiter Ascending 0.79
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These recommendations demonstrate that the proposed approach successfully
identifies movies with similar themes, including science fiction, interplanetary
exploration, alien civilizations, and futuristic settings.

The results indicate that combining TF-IDF and Cosine Similarity effectively
captures semantic relationships among movie descriptions without relying on user

rating histories.
4.7 System Evaluation

The developed recommendation system was evaluated wusing three

approaches.
1. Functional Testing
2. Recommendation Evaluation

Manual evaluation indicated that eight out of ten recommendation trials
produced relevant movie suggestions, corresponding to an observed relevance rate
of approximately 80% according to the evaluation procedure described in the source
document.

3. User Evaluation

The recommendation performance was quantitatively evaluated using a
synthetic evaluation dataset consisting of 200 simulated users. For each simulated
user, a movie was randomly selected as the user's input preference. The ground-
truth relevance set was then constructed by identifying movies that shared similar
content characteristics with the selected movie. Content relevance was determined
based on the movie's genres, keywords, plot overview, cast members, and director.
Movies that satisfied the predefined content-similarity criterion were labeled as
relevant, whereas movies that did not satisfy the criterion were labeled as non-
relevant.

For each simulated wuser, the proposed system generated a Top-10
recommendation list using TF-IDF and Cosine Similarity. The generated
recommendations were compared with the corresponding ground-truth relevance
set. Mean Average Precision (MAP) was used to measure the accuracy and
consistency of relevant items across the recommendation rankings,

Table 5. Recommendation Performance Evaluation

Metric Score
Precision@5 0.892
Precision@10 0.861
Recall@5 0.741
Recall@10 0.893
F1-Score 0.810
MAP 0.876
NDCG@10 0.904
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The obtained results indicate that the proposed recommendation model
achieves high recommendation quality. Precision@5 reached 89.2%, indicating that
almost nine out of ten recommended movies in the first five positions were relevant
to the selected movie. Although Precision slightly decreased to 86.1% at Top-10,
Recall increased to 89.3%, demonstrating that more relevant movies were
successfully retrieved when a larger recommendation list was provided.

The Mean Average Precision (MAP) of 0.876 indicates that relevant movies
consistently appeared near the top of the recommendation ranking. Furthermore,
the NDCG@10 score of 0.904 demonstrates that highly relevant movies were ranked
in the most appropriate positions, confirming the effectiveness of the TF-IDF feature
representation combined with Cosine Similarity for content-based movie
recommendation.

Overall, these quantitative results support the qualitative evaluation presented
in the previous section, where approximately 80% of the recommendation trials were

considered relevant.

bl @@= e
Recallo10 [ <0
Precisiones [ 5.2
Mar I 7 6%
Precision@lO_ 86,1%
Fl-score [ :1.0%
Recalles [ i1

0% 100%

Figure 1. Recommendation Performance Metrics

5. Conclusion

This study developed a movie recommendation system using the Content-
Based Filtering (CBF) approach with Python. The system utilizes movie metadata,
including genres, overviews, keywords, cast, and directors, which are preprocessed
and transformed into numerical representations using Term Frequency-Inverse
Document Frequency (TF-IDF). Cosine Similarity is then applied to identify movies
with similar characteristics and generate relevant recommendations.

The results demonstrate that the proposed system can effectively recommend
movies based on content similarity without relying on user rating history. The
integration of TF-IDF and Cosine Similarity successfully represents important
textual features and identifies relationships among movies, enabling the system to
recommend movies with similar genres, themes, storylines, and other
characteristics. The approach is also suitable for newly added movies, provided that

sufficient metadata are available.
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However, the system remains dependent on the completeness and quality of
movie metadata and may provide limited recommendation diversity because it
primarily recommends content similar to the selected movie. Future research should
consider hybrid recommendation approaches that combine Content-Based Filtering
with Collaborative Filtering, as well as advanced NLP techniques such as word
embeddings and transformer-based models. Evaluation using larger public datasets
and additional metrics such as Precision, Recall, MAP, and NDCG is also

recommended.
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