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Abstract:

This paper is dedicated to the creation of a recommendation system on Over-the-Top (OTT) platform
based on the analysis of user behavior and multiple filtering strategies. The system incorporates
collaborative filtering, content-based filtering and demographic methods to come up with personalized
movie recommendations. The handling of missing values and the preprocessing of raw user data and the
use of statistical techniques, which include the use of cosine similarity and TF-IDF vectorization, are
used to identify the meaningful patterns in the viewing preferences. There are metadata attributes
connected with the recommendations, including casting, directors, keywords, genres, etc. that enhance
the recommendations and increase the prediction quality.

The study points to the fact that hybrid recommendation systems can address the weaknesses of classic
ones, including sparsity, cold-start issues, and extreme computation fees. The outcomes of experimental
evidence prove the hypothesis that metadata and behavioral analysis are better than individual methods
of producing more relevant and varied recommendations. In addition to technical input, this publication
focuses on the commercial worth of recommender systems and demonstrates the way in which they can
help to boost customer satisfaction, to improve user engagement, and assist data-based marketing efforts
in a highly competitive OTT landscape.

Keywords: Recommendation system, OTT platforms, collaborative filtering, content-based filtering,
hybrid model, data mining.

I. INTRODUCTION

Recommendation systems have become a large component of the digital economy and are helping
organizations to customize user experience and boost engagement. Based on user information like
browsing history, rating and demographics, these systems can forecast and suggest content that is in line
with personal preferences. They are important in various platforms such as the e-commerce and social
media by guiding the users on large volumes of information.

Recommendation systems are specifically relevant in OTT platforms like Netflix, Amazon Prime, and
Spotify because of the number of content available. They decrease the fatigue in decision-making by
recommending relevant and new information, thus enhancing user satisfaction, boosting engagement,
and leading to customer retention.

The common methods, such as the collaborative and content-based filtering, are not free of issues as the
cold start problem, data sparsity, and scalability are significant problems with them. To overcome such
problems, hybrid recommendation systems that unify various techniques and use both user behavior and
metadata of content objects are being embraced.

Recommendation systems can also guide OTTs to improve their marketing strategies, purchase of
content and revenues besides contributing to better user experience. Therefore, the creation of a
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recommendation system of the next level is not only a technical need but also a strategic objective in the
competitive industry of OTT.

A. Scope

The study is aimed at creating and pilot testing a recommendation system that is specific to OTT
platforms. It makes use of user rating, review, and metadata datasets of movies. The system structures
diversity of approaches; demographic filtering, content-based filtering, collaborative filtering and
integrates them together. It only covers movies and other metadatas without expanding to other OTT
content like live shows, sports or short-form videos.

The research focuses on technical application, such as the data pre-processing, similarity measurement,
and algorithmic modeling. It is not about business-specific operational issues, including licensing or
content acquisition. The results are, however, directly applicable to the improvement of the user
experience and business strategy in OTT services.

B. Research Problem

Recommendation systems have a number of issues, particularly regarding OTTs, even though they are
used extensively. Data sparsity is one of the primary problems as user ratings are scarce, and, therefore,
it is hard to assume what people like and dislike. This is tightly connected with the cold-start issue, in
which new users or objects do not have adequate data to be used in giving meaningful recommendations.
Also, the conventional techniques such as collaborative and content based filtering are not scalable and
computationally heavy with massive data sets resulting in real time delays in the recommendations.
Even the evaluation metrics like MAE can not be comprehensive enough to measure performance in
cases where performance patterns are not fixed.

The other weakness is that it is too specialised and systems are prone to offering users similar content
many times and the user ought to have more variety and discovery. The low use of rich metadata
diminishes further on the recommendation quality. These difficulties emphasize the necessity of hybrid
methods which would incorporate several techniques to enhance the accuracy, efficiency and diversity.

C. Research Question

e What might preprocess and analysis of the user data contribute to the quality of
recommendations to OTT platforms?

e Which are the relative advantages and disadvantages of content-based, collaborative, and hybrid
filtering approaches to the OTT domain?

e What can metadata (cast, crew, genre) add to recommendation models to enable it to overcome
the difficulties associated with sparsity and cold-start problems?

e How much does a hybrid recommendation system predict better and more satisfyingly than a
single-method model?

D. Objectives

e To perform data preprocessing and cleaning on Netflix Movies and TV Shows datasets,
including handling missing values, normalizing textual data, and transforming raw data into a
structured format suitable for machine learning models.

e To analyze user behavior and content metadata in order to identify patterns in viewing
preferences, using attributes such as genres, cast, directors, and descriptions through Exploratory
Data Analysis (EDA).

e To implement content-based filtering techniques by applying methods such as TF-IDF
vectorization to convert textual metadata into numerical representations, enabling similarity-
based recommendations.
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e To apply collaborative filtering approaches by simulating user-item interactions and utilizing
matrix factorization techniques, specifically Truncated Singular VValue Decomposition (SVD), to
uncover latent relationships.

e To develop a hybrid recommendation model that combines content-based and collaborative
filtering methods, addressing challenges such as cold-start problems, data sparsity, and lack of
diversity in recommendations.

e To evaluate the performance of the proposed system using appropriate metrics such as
Precision@10, ensuring the relevance and effectiveness of the recommendations.

e To demonstrate the applicability of the proposed system in OTT platforms by improving
personalization, scalability, and diversity, thereby enhancing user engagement and supporting
data-driven decision-making.

Il.LITERATURE REVIEW

A. Problem Statement

OTTs present thousands of shows and movies, which makes it hard to find something to watch that suits
the user. Even though recommendation systems are meant to address such a problem, most of them fail
because of the lack of user information, incomplete metadata, and scalability, which in most cases leads
to irrelevant or repetitive suggestions and poor engagement of users.

Conventional approaches such as collaborative and content-based filtering work well in a controlled
setting, but are practical in textbooks, cold-start, and high computation issues in real-life settings. These
restrictions do not allow OTT platforms to offer really personal experiences.

Hence, scalable hybrid recommendation system integrating various methods, using rich metadata and
can successfully counter these problems to yield more precise, varied and user-friendly
recommendations is needed.

B. Research Gaps

1. Low Efficacy of Univariate Methods: The current systems predominantly depend on either content-
based or collaborative filtering which possesses limitations of over-specialization and reliance on
large user data. Strong hybrid models that can be effective to combine both approaches are lacking.

2. Cold-Start Problems and Data Sparsity: The small amount of user interaction data and the presence
of information to the new users/items decrease the accuracy of the recommendation. EXisting
solutions are either computationally intensive or do not use the available metadata exhaustively.

3. Poor Evaluation Measures: The conventional performance indicators such as MAE and RMSE are
not indicative of the real user satisfaction. The partial application of measures like Precision, Recall
and diversity causes partial evaluation of performance.

4. Inadequate use of Rich Metadata: Some of the metadata (genres, cast, directors, etc.) is not fully
utilized to limit the capacity of the system to create contextual and relevant recommendations.

5. Scale and Computer Problems: Most of them are efficient with small data sets, but they do not scale
effectively in larger OTT platforms because of the high level of computation complexity.

6. Inadequacy in Diversity and Novelty: The accuracy is emphasized in most systems, which leads to
frequent repeats of recommendations and decreased interaction of the user in the long run.

7. Lack of Domain-Specific Optimization: The current solutions are generic and not specific to OTT
platforms, which feature peculiarities such as multimedia content, viewing patterns, and user
interaction patterns.

C. Research Paper
The paper (Nirmani et al., 2025) conducted a review of crowdsourced software engineering systems of
task recommendations which are divided into content-based, collaborative, hybrid, and context-based
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methods. The article emphasized the need to combine skills, reputation and task difficulty, with little
empirical support in the field and deprivation of behavioral aspects. It found out that existing systems
are simplistic and need more adaptive and scalable systems.

(Bamne & Agrawal, 2025) conducted a survey of product recommendation systems, with a focus on Al-
based methods (including deep learning, NLP, reinforcement learning, etc.). Mixed methods contributed
significantly to accuracy and personalization, on sites such as Amazon and Netflix. Nevertheless, such
problems as cold-start, overfitting, and unethical concerns are significant problems.

A retrieval-based recommendation model suggested by (Nguyen et al., 2024) is used to recommend the
candidate items and rank them in order of relevance and diversity. The model was also more precise,
high recall, and quicker to compute than the traditional approaches. Yet, it is strongly based on quality of
data and is not scalable and interpretable in real life.

Scholarly recommendation systems have been explored (Zhang et al., 2023), with the prevalence of
content-based filtering and an increase in the use of hybrid and graph-based approaches. The study also
established gaps in the recommendations of datasets and funding opportunities. It has some limitations:
small datasets, the absence of benchmarks, poor attention to ethics and personalization.

The article (Ajmal et al., 2023) conducted a review of data mining-based recommender systems on the
basis of social network data, with a preference towards hybrid methods of collaborative and content-
based filtering. The most common technique was identified to be collaborative filtering. But some of the
weaknesses are absence of standardized evaluation procedures and reporting of experimental limitations
is inadequate.

(Valencia-Arias et al., 2024) investigated the use of Al in e-commerce recommender systems, which
revealed such techniques as CNNs, sentiment analysis, and optimization algorithms. Accuracy and
scalability were reported to have been improved in the study. Nonetheless, such problems as
transparency, bias, and the lack of diversity in the datasets are still there.

There is a review of recommender systems in OTT platforms (Vicente and Burnay, 2024), which also
emphasizes the usefulness of hybrid and artificial intelligence-based methods in enhancing engagement
and personification. Other problems that were noted by the study include filter bubbles, privacy
concerns, and transparency. Majority of the studies were not practically validated and ethically
conducted.

The paper (Shinde et al., 2024) examined recommender systems in the context of big data and loT,
focusing on machine learning, deep learning, and edge computing to provide real-time
recommendations. The researchers found enhanced accuracy and low latency in the study. However,
there are the high cost of computing, privacy concerns and uninterpretability.

A detailed literature review of the recommender systems was presented by (Raza et al., 2024), which
indicated that deep learning is more accurate and hybrid models are more diverse and scalable. These
challenges included bias and lack of transparency as well as high computational requirements, which
were pointed out in the study. Real world application is not much.

The overcoming of cold-start, sparsity, and scalability problems were the focus of analysis in (Trabelsi
et al., 2021) of hybrid recommendation systems. Other hybridization methods such as weighting and
switching were brought up. Although performance has improved, research biases, overfitting, and
redundancy are still an issue.

The set of concepts of the Al-based recommender systems reviewed in (Masciari et al., 2024) is centered
around such ethical issues as bias, privacy, and transparency. Although Al enhances scalability and
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accuracy, it also creates ethical dangers. The paper has highlighted the importance of explainable and
fairness-conscious systems.

The article (Necula and Pavaloaia, 2023) studied an example of Al-based recommendation systems in e-
commerce and reported the enhancement of both personalization and customer engagement rates with
the help of machine learning and graph-based models. Nonetheless, there are problems of transparency,
bias, and generalizability that restrict practice.

Arban et al. (2023) created an OTT movie recommendation model based on the cosine similarity and
various combinations of features. The system scored highly on similarity and enhanced user
contentment. Nevertheless, it did not have standard evaluation metrics, scalability and comparison with
high-level models.

The video recommender systems were reviewed (Lubos et al., 2023), with the focus on the
implementation of hybrid and deep learning methods to increase the accuracy and variety. Inadequate
explainability, problems with fairness, and bias of data were the major challenges mentioned in the
study. Ethical issues are not well investigated.

(Engstrom et al., 2024) examined the users behavior of adopting recommender system, the analysis
revealed that trust and perceived usefulness influences adoption, particularly in the entertainment
system. Nonetheless, this study was based on self-reported information and had no technical assessment.
Algorithms should be combined with behavioral understanding.

The reviewed hybrid recommendation systems showed increased accuracy, scaling, and diversity
(Chaudhari et al., 2024). The paper has focused on the use of a combination of techniques with the aim
of overcoming historical constraints. Nevertheless, there is a cost of high computation and
uninterpretability.

Social relationships and similarity scores were used to propose a friendship-based recommendation
model, as (Khalique et al., 2022) suggested. The system augmented accuracy of recommendation
through user interaction and trust factor. Practical applicability is however limited by scalability
concerns and size of dataset.

Reviewing deep learning-based recommender systems, (Li et al., 2023) emphasized the fact that these
systems are able to capture the complex patterns and increase the accuracy. Deep learning models that
were hybrids performed better. There are, however, issues of high computational complexity and
inexplicability.

The evolution of the Amazon recommender system was also discussed in (Smith & Linden, 2017), with
the focus on item-based collaborative filtering, which is scalable and provides real-time
recommendations. The system enhanced user interaction and sale substantially. Nevertheless, such
problems as cold-start and over-personalization still exist.

In recommender systems, (Kumara & Jadona, 2023) reviewed the machine learning methods and
suggested the hybrid and context-aware methods as the best techniques to improve performance. Some
of the challenges that were found in the study include bias, scalability, and non-existent evaluation
assessment frameworks. The issue of ethics is not well investigated.

The systematic review of recommender systems in various fields presented in (Roy and Dutta, 2022)
revealed the prevalence of collaborative and content-based filtering. There was better performance with
hybrid and deep learning models. Nevertheless, there are issues of non-personalization, scalability, and
standard benchmarks.
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1.  METHODOLOGY
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Fig.1 Proposed Flow of the Research

The proposed research will start by gathering the data on the user interaction, rating, reviews, and movie
metadata on the OTT platforms or open sources, then clean and preprocess the data to guarantee the
accuracy. The metadata is converted into machine-readable formats in order to solve such problems as
cold-start or sparsity of data. The collaboration filtering and other methods like the clustering and matrix
factorization are used to capture user behavior and increase its scalability. To increase the accuracy and
diversity, a hybrid recommendation model that is built on collaborative, content-based, and demographic
is then constructed. Lastly, the system is tested based on such metrics as accuracy, recall, and F1-score,
which proves that the system is effective to enhance personalization and user engagement on OTT
platforms.

A. Parameter Details

The Kaggle Netflix Movies and TV Shows dataset can be useful in creating a recommendation system
because of the extensive metadata, such as ShowID and Type to differentiate content and Title, Director,
and Cast to recommend something personal to the user. Other attributes like Country, Release Year and
Date Added can be used to make region and time-based recommendations and Rating and Duration can
be used to make preferences based on age and length. Recommendations are additionally refined by the
Genre and Description fields by using content classification and text-based similarity algorithms such as
TF-IDF to increase the overall accuracy and personalization.

IV. IMPLEMENTATION
A. Data Loading
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The data employed in this project is the Netflix Movies and TV Shows data that has a total of 8,807
records. This metadata will contain all information on the content on the site including movies and
television shows. The entries are considered to be unique titles and have many attributes including title,
cast, director, genre, release year and a concise description on the contents.

show il fype title  director st oomtry  date added relesse year vating diration Listed in desiription
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You (s n Tk go doun e
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Fig 2: Sample entries from the Netflix Movies and TV Shows dataset

The data set of this project contains 8,807 records and 12 attributes, and each record is a title assigned a
ShowID which is a unique identifier and contains both a categorical and a textual data. Characteristics of
the content that are captured by key elements include type, title, director, cast, country and release year
whereas features like rating and duration assist in the appropriateness of the content to the audience and
the length of content. The description and genre provide the opportunity to perform the analysis at the
advanced level with the help of the NLP techniques, so the dataset can be used in the hybrid
recommendation systems. But the missing values in such fields as director, cast, and country point to the
fact that it is necessary to preprocess data properly to guarantee quality and model behavior.

B. Data Cleaning and Preprocessing

Preprocessing and cleaning of data are important processes of ready the data to be used in machine
learning operations. These procedures guarantee that the information is accurate, comprehensive, and
error free, which could produce adverse consequences on the model operation. Missing or incoherent
values are the norm in real-world databases, and unless addressed appropriately, may be the cause of
biased outcomes, wasteful feature extraction, or even exception-based errors when running the model.

title release year genres_clean
Dick Johnson Is Dead 2020 documentaries

Blood & Water 2021 international tv shows, tv dramas, tv mysteries

0

1

2 Ganglands 2021  crime tv shows, international tv shows, tv act
3 Jailbirds New Orleans 2021 docuseries, reality tv
4

Kota Factory 2021 international tv shows, romantic tv shows, tv

8802 Zodiac 2007 cult movies, dramas, thrillers
8803 Zombie Dumb 2018 kids' tv, korean tv shows, tv comedies
8804 Zombieland 2009 comedies, horror movies
8805 Zoom 2006 children family movies, comedies
8806 Zubaan 2015  dramas, international movies, music musicals

8807 rows = 3 columns

Fig 3: Data Cleaning and Preprocessing

Preprocessing of Netflix dataset was done to clean and prepare the data to be used in feature engineering
by addressing the missing values in such fields as title, description, genre, director, and cast with blank
values. Regular expression was used to normalize texts in order to make them lowercase, remove
unnecessary spaces and unwanted characters to make them similar. To improve the recommendations,
genre data was cleaned to be better tokenized and a new feature called credits which included both the
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director and cast was created. The year of release was standardized, and the ultimate dataset of 8,807
records was optimized in such methods as TF-IDF to improve the quality of the data on the whole and
the readiness of the model.

C. Exploratory Data Analysis (EDA)

Before recommendation techniques are applied, Exploratory Data Analysis (EDA) is very important in
determining how data is structured, the patterns, and possible biases. This paper examined the Netflix
data and identified the essential trends and direct feature engineering to a hybrid system. It is analyzed
that the movies are the most dominant of the dataset, with only approximately 30.4% of the content
being TV shows.

Content Type: Movies vs TV Shows

TV Show

Movie

Fig 4 : Netflix Movies vs TV Shows Distribution.

This asymmetry has significant consequences in terms of recommendation systems since the models can
be biased towards movies. Thus, it needs some extra plans that will guarantee that TV Shows are fairly
represented in recommendations. The temporal analysis of content in terms of release year shows that
there was a low content production until the 1980s, which then slowly accelerated to the 1990s and early
2000s, and then grew very fast after 2010, reaching its peak in 2017 to 2019.

Netflix Releases Over the Years

800
. bovie

B TV Show

S ] 0 & "] X 4] ‘§7 ] ]
& 1] 1) B L) N\ y
EANE A A A A A A A A A

Release Year

Fig 5: Netflix releases by the type of content over the years.

Movies are still dominant but over the last few years television programs are increasingly becoming
popular, and there is a move towards series, a form of content that brings in recency bias that a model
would have to deal with. Also, the content rating analysis demonstrates that the most widespread rating
is TV-MA, then there is TV-14 and TV-PG, which means that the emphasis is made on adult viewers.
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Top 10 Ratings on Netflix

2000

1500

1000

Rating

Fig 6: Top 10 content ratings on Netflix.

However, children-oriented ratings like TV-Y and TV-G are lower, indicating that rating features could
be used to make sure that the right kind of ratings are applied.

The geographic distribution analysis demonstrates that the United States is the country to provide the
most titles, with such nations as India, the United Kingdom, and Canada coming next.

Top Countries with Most Content on Netflix
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Country

Fig 7: Top countries with most content on Netflix.

The existence of an “Unknown” category indicates incomplete metadata and the prevailing influence of
U.S. content can easily cause regional bias unless some normalization methods are used.

Genre distribution analysis shows that the most common ones are International Movies and Dramas,
then Comedies and International TV Shows are next.

Top Genres on Netflix

\gﬁ fxr f\aﬁ c\"‘f ﬁ,p f«w q‘h@ o e
& ¢ ﬁ‘ﬁ & fﬁ' < . & &

Fig 8: Top genres on Netflix
Although this is indicative of Netflix investing in a wide range of content and focusing on content from
all over the world, the prevalence of specific genres could lead to biased recommendations, so genre-
based normalization is critical to diversity.
The trends in temporal genres reveal strong variations in content strategy of Netflix with time. In the

beginning, in the early 2000s, Comedies and Dramas were in the limelight, International Movies started
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to gain significance around 2010, and by 2021, the International TV Shows, TV Dramas, and Docuseries
gained relevance.

Top 10 Genres in 2001

Top 10 Genres in 2010

Top 10 Genres in 2021

Fig 9: Temporal patterns in the most popular genres in various years (2001, 2010, and 2021).

Such changes underscore the necessity of using temporal dynamics when creating recommendation
models so as to adapt to the variability of user preference.

Content analysis of textual descriptions shows that there is repetition of words like family, life, love,
world and friend, which means that the emphasis is made on relationships and emotional narration.

Most Common Words in Netflix Descriptions
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Fig 10: The most frequent words in Netfllx
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The use of NLP techniques such as TF-IDF to filter content based on the use of NLP is justified by the
presence of other similar words in the themes of the storytelling such as team, young, father, secret, and
adventure.

Director analysis indicates that creators such as Rajiv Chilaka, Raul Campos and Jan Suter have made
the largest contribution to the content, as well as internationally known directors like Steven Spielberg
and Martin Scorsese.

Top 10 Directors with Most Netflix Content

0.0 2.5 5.0 75 10.0 12.5 15.0 17.5
Count

Fig 11: Ten most content directors on Netflix.

This means that there is a combination of international and regional creators and the inclusion of director
metadata may increase personalization in recommendation.

On the whole, the EDA demonstrates that the dataset is abundant in the information, but it also has
imbalances in the content type, region, genre, and ratings. The points above demonstrate the necessity of
a hybrid recommendation strategy that integrates collaborative filtering recommendations with content-
based strategies. With the help of metadata, which includes genres, descriptions, ratings, and directors,
the system will reduce bias, enhance personalization, and have high quality and a variety of
recommendations.

D. Feature Extraction and Engineering

Feature extraction and engineering is an important part in converting raw data into meaningful numerical
form that can be used in machine learning models especially in systems of recommendations that depend
on content-based and collaborative filtering models. In the given work, textual metadata was
transformed into numerical values with the help of TF-IDF, giving words importance depending on their
frequency and peculiarity between documents.

o Read by user
4

\ I Similar articles
V. p—

Recommended
to user

Fig 12: Content based Architecture.

TF-IDF allows focusing on the meaningful words and downplaying the common words, which makes it
a computationally efficient and interpretable method of semantic information representation.

In order to obtain several content dimensions, different TF-IDF vectorizers were used on several key
metadata fields including title, description, genres, and credits (as a single vector and combines director
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and cast, including the two).

TITLE_FEAT & 1588
DESC_FEAT  « 4860
GENRE_FEAT <« 809
CREDIT_FEAT « 829

tf_title ¢ TfidfVectorizer(max_features=TITLE FEAT, ngram_range=(1,2), stop words='english')
tf desc  « TfidfVectorizer(max features=DESC FEAT, ngram range=(1,2), stop words='english')
tf_genre + TfidfVectorizer(max_features=GENRE_FEAT, token_pattern=genre token_pattern)
tf_credit « TfidfVectorizer(max_features=CREDIT_FEAT, token_pattern=credit_token_pattern)
X_title ¢ tf title.fit transform(df['title_clean'])
X desc ¢ tf desc.fit transform(df['desc clean'])

X _genre <+ tf_genre.fit_transform(df['genres_clean'])

X_credit « tf_credit.fit_transform({df['credits_clean'])

Lv_title, w_desc, w_genre, w_credit « chosen weights (e.g., .3, @.5, 8.15, 2.05)

X_content ¢ hstack([X_title * w_title, X desc * w_desc, X_genre * w_genre, X_credit * w_credit])
X_content ¢ L2 normalize_rows(X_content)

Fig 13: Pseudo Code

Each field had feature limits established to provide a tradeoff between richness and efficiency, with
those dimensions representing descriptions being larger than those representing structured fields such as
genres and credits.

Once the features were vectorized, the weighted stacking of all the feature matrices was performed
according to the importance of the feature and the L2 normalization was performed in order to assure
constant scaling of the vectors and so that similarity could be effectively computed. The outcome of this
process is a high-dimensional feature matrix of each title and a way of overcoming cold-start issues by
using metadata.

Real user interaction data was not available, so there were synthetic interactions that were created to
make realistic user interaction to use collaborative filtering.

Recad by both users

[»:j

@ Similar Users @
N )

/

Read by her,
recommended to him!

Fig 14: Architecture of Collaboration.
To bring more real-world consumption rates into the simulation, the biases included genre popularity
and content recency.
The process of interaction generation entailed, probability scoring items depending on the frequency of
the genre and the year of release and then sampling out interactions of synthetic users in a specific range.

5] =

n g
G 1 ; B ™
" ' o 10 o .

P O e B o

User-item Interaction Matrix User Matrix Item Matrix

R) @) (P)

Fig 15: User Item Interaction Architecture.
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This created a sparse user item interaction data that is very similar to real world systems.
Truncated SVD was used to reduce the dimensionality of the interaction matrix retaining significant
relationships among the items in order to extract meaningful latent patterns.

n_items « number of rows in df
N_USERS « chosen number of synthetic users (e.g., 2000)

genre_popularity « COUNTS of genres across df

item genre_score « for each item: sum of its genre popularities + 1
year_score « (df.release_year - min_year) + 1

raw_score + item genre_score * year_score

probabilities + raw_score / sum(raw_score)

rous = []
FOR user_id in @ .. N_USERS-1:
k « random int between min_watch and max_watch (e.g., 8..35)
sampled_items « sample k unique items using probabilities (without replacement)
FOR item in sampled items:
rows.append((user_id, item, 1.2))

interactions_sim ¢ DataFrame(rows, columns=['userId’,'item idx', 'watch'])

user_item « (00 to_CSR(matrix with shape (N_USERS, n_items) using interactions_sim)
item_user + transpose(user_item)

k_factors « chosen latent dimension (e.g., 54)

svd_model + TruncatedSVD(n_components=k factors).fit(item_user)
item_factors « svd_model,transform(item_user)
item_factors_norm « L2_normalize_rows(item_factors)|

Fig 16: Truncated SVD Simulated Collaborative Filtering.

The model, with 64 latent dimensions, had a tradeoff between computational efficiency and
representational power, allowing the similarity computation to be done using the vector operations.

It produced in the simulation around 41540 interactions among 2000 users and the simulation gave us
sparse matrices that represent real-life recommendation situations.

Simulated interactions rows: (41548, 3)
user_item shape: (2000, 8307) item user shape: (3367, 2000)

Fig 17: Statistics Simulated User-Item Interaction Matrix.

These matrices certify the existence of sparsity and yet have adequate data to extract patterns that would
be meaningful.

Altogether, the presented feature engineering scheme is effective in combining the representation of
content by the use of TF-IDF with simulated collaborative filtering and dimensionality reduction with
the help of SVD, thus creating a potent hybrid scheme that enhances scalability, captures semantic and
behavioral patterns, and gives a solid background to accurate, diverse, and effective recommendation
systems.

E. Hybrid Recommendation Framework

A hybrid recommendation system is designed to combine the strengths of content-based filtering (CBF)
and collaborative filtering (CF) to overcome their individual limitations and provide more accurate,
diverse, and scalable recommendations. Content-based methods utilize item metadata such as title,
description, genres, and cast to compute similarity, making them effective in cold-start scenarios, while
collaborative filtering captures user behavior patterns and identifies hidden relationships between items,
though it struggles with sparse interaction data.
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Fig 18: Hybrid Architecture

By integrating both approaches, the hybrid model ensures robust and balanced recommendations even
when one component is weak.

The system first computes content-based similarity by generating TF-IDF embeddings for selected seed
items and calculating their average representation, which is then normalized for cosine similarity
comparison.

FUNCTION of_scores_svd({seed_indices):
user_cf_vec + mean rows item_factors_norm[seed_indices]
cf_scores « item_factors_norm dot user_cf_vec
RETURN flatten{cf_scores)

FUNCTION hybrid_scores(seed_indices, alpha, cf_method='svd'):
content_scores « content_similarity_for_seeds(seed_indices)
IF cf_method == 'swd':
cof_scores « of_scores_svd(seed_indices)
ELSE:
cf_scores « item-item ccoccurrence similarity (optional)
stacked + stack_columns(content_scores, cf_scores)
scaled « MinMaxScaler.fit_transform(stacked)
hybrid « alpha * scaled[:,cf_column] + (1-alpha) * scaled[:,content_column]
RETURN hybrid

FUNCTION find_title_index(title_guery):
TRY exact match (case-insensitive) on df['title_clean’]
ELSE fuzzy match (difflib or rapidfuzz) with threshold
IF no match: raise error / return None
RETURN matched_index

FUNCTION reccmmend_by_title(title_guery, topk, alpha, cf_methed='svd"):
idx « find_title_index(title guery)
hybrid « hybrid_scores([idx], alpha, cf_method)
hybrid[idx] « -inf
top_indices « topkK indices with largest hybrid scores
RETURN df rows for top_indices with sceres and metadata

FUNCTION reccmmend_for_user(liked_titles_list, topk, alpha, cf_method="svd'):
liked_indices « [find_title_index{t) for t in liked_titles_list]
hybrid « hybrid_scores(liked_indices, alpha, cf_method)
set hybrid[liked_indices] « -inf
top_indices + topkK indices with largest hybrid scores
RETURN df rows for top_indices with scores and metadata

Fig 19: Recommendation Generation using SVD-Based CF and Content Similarity

Similarity scores are computed using the dot product between the seed vector and all item vectors,
ensuring recommendations can be generated even without user interaction data.

The suggested system employs a hybrid scoring system, which integrates the content based and
collaborative filtering with the aid of a weighted parameter (a), which provides the flexibility of
semantic similarity vs user behavior. It has a title-matching option based on precise and fuzzy means to
make it more user-friendly, as well as can show one or more recommendations. Altogether, the given
model is more accurate, diverse, and customized and solves cold-start problems, which makes it a
scalable and feasible solution to OTT platforms.

F. Evaluation and Results
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Precision at 10 was used to evaluate the hybrid recommendation system, as it is a metric of the relevance
of the top 10 recommendations, and it can help to adjust the weighting parameter (a). The leave-one-out
strategy was used, in which a single interaction per user was to be tested and a hit was implemented in
case the interaction was observed in top results. Because the actual data on interaction were not available,
synthetic user interactions were created with the help of weighted sampling, whereas TF-IDF and
Truncated SVD were implemented in order to derive content-based and collaborative characteristics,

which guarantee credible performance analysis.
Precision@10 vs Hybrid Weight

0.05

e
(=]
=

Precision@10
=
(=]
w

e
=
]

0.01

0.00 1

0.0 0.2 0.4 0.6 0.8 10
Hybrid Weight {a)

Fig 20: Analysis of Performance of Hybrid Model by Precision@10.

The hybrid model was tested in relation to the varying values of the weighting parameter (a), it can be
seen that pure content-based filtering (a = 0) did not work well with almost zero Precision@10 and the
more it added weight to the collaborative filtering, the better the performance was. Pure collaborative
filtering (a = 1) resulted in the best result (Precision@10 = 0.0560), which means that interaction data
are more predictive. Despite the fact that hybrid models were better than content-based ones,
collaborative filtering was prevalent, with content features primarily serving diversity and cold-start
management.

Top 10 Movie Recommendations

The Rift: Dark Side of the Moon

The Break with Michelle Wolf

‘foung Tiger

Lagaan

Cricket Fever: Mumbai Indians

Blue Exorcist

John Mulaney: New in Town

Mindhorn

The Machinist

Man Up

0.0 02 04 0.6 08
Recommendation Score

Fig 21: The 10 best recommended movies based on score.

In a qualitative assessment conducted with the help of the movie Sankofa, it was revealed that the
recommendations were of various genres: drama, comedy, thriller, sports, and anime; some of them were
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thematically similar, which confirms the usefulness of collaborative filtering. In general, the findings
reveal that although collaborative filtering is more effective even using simulated data, the hybrid model
IS better at increasing diversity and moderate relevance and content discovery.

Table: Result Summary Table

Exper. | Method Used | a (Weight) | Precision@1 | Key Observation
0
1 Content-Based | 0.0 ~0.0000 Very poor
Filtering performance due to
weak textual
similarity
2 Hybrid Model | 0.50 0.0280 Moderate
improvement using
combined features
3 Hybrid Model | 0.75 0.0480 Better performance
with higher
collaborative
influence
4 Collaborative | 1.0 0.0560 Best performance
Filtering using user
interaction patterns
5 Overall Variable Up to 0.0560 | Balances accuracy
Hybrid and diversity
System effectively

V. CONCLUSION

The present research was able to build a hybrid recommendation system in OTT sites by integrating
content-based and collaborative filtering to address some of the major issues in these systems, including
cold-start, data sparsity, and diversity. The model showed that collaborative filtering is more accurate,
whereas the hybrid method is more robust and diverse in recommendations with the use of the Netflix
dataset and simulated interactions between the user and the system. The effectiveness of the system was
confirmed by experimental results on Precision at 10 closely followed by information obtained by the
exploratory data analysis which informed the design of the model. Generally, the suggested structure
presents a flexible and realistic approach to personalization and user interaction, and in the future, it is
possible to consider real user data, sophisticated algorithms, and explainable Al to achieve a better
performance and transparency.
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