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ABSTRACT 

The rapid growth of online streaming platforms and 

social media applications has significantly increased 

the amount of digital entertainment content available 

to users. As a result, users often face difficulty in 

identifying movies that match their interests and 

preferences. Recommendation systems have 

become an essential solution for improving user 

experience by providing personalized movie 

suggestions based on user behavior and feedback. 

This project presents a movie recommendation 

system that integrates sentiment analysis with 

collaborative filtering techniques to generate 

intelligent and accurate movie recommendations. 

The system collects user opinions and reviews from 

micro-blogging platforms such as Twitter and 

combines them with movie ratings and viewing 

history to understand audience sentiment and user 

preferences. Natural Language Processing (NLP) 

techniques are applied for text preprocessing, 

tokenization, stemming, and sentiment 

classification. Deep learning and machine learning 

algorithms such as Neural Collaborative Filtering, 

Matrix Factorization, and k-Nearest Neighbors are 

used to improve prediction accuracy and 

recommendation quality. The MovieLens dataset 

and TMDB API are utilized to obtain movie 

metadata, ratings, and user interaction information. 

The proposed system aims to overcome challenges 

such as data sparsity, cold-start problems, and 

scalability issues found in traditional 

recommendation systems. Evaluation metrics such 

as RMSE, Precision, Recall, and F1-score are used 

to measure system performance and 

recommendation effectiveness. Experimental results 

demonstrate that integrating sentiment analysis with 

collaborative filtering enhances recommendation 

accuracy and user satisfaction. The system provides 

a scalable, efficient, and user-friendly solution that 

helps users discover relevant movies quickly while 

improving engagement and personalization in 

modern streaming platforms. ฀ filecite฀ turn0file0฀  
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I. INTRODUCTION 

The advancement of digital entertainment platforms 

has transformed the way people consume 

multimedia content across the world. Streaming 

services such as Netflix, Amazon Prime Video, 

Disney+, and Hulu provide users with access to 

thousands of movies and television shows instantly 

[1]. Due to the enormous availability of content, 

users often experience difficulty in identifying 

movies that match their preferences and interests [2]. 

Recommendation systems play a significant role in 

solving this challenge by providing personalized 

suggestions based on user behavior, ratings, and 

interaction history [3]. Modern recommendation 

International Journal of Engineering Science and Advanced Technology Vol 26 Issue 05, May 2026

ISSN No:2250-3676 www.ijesat.com Page 374 of 382



systems utilize machine learning and deep learning 

approaches to understand complex user preferences 

and improve prediction accuracy [4]. Collaborative 

filtering techniques are among the most widely used 

methods for recommendation generation because 

they analyze similarities between users and items 

[5]. Content-based filtering methods recommend 

movies based on genre, cast, director, and movie 

descriptions [6]. However, traditional 

recommendation techniques face limitations such as 

data sparsity, scalability issues, and cold-start 

problems [7]. To overcome these limitations, 

researchers have integrated deep learning models 

into recommendation systems to capture hidden 

patterns and non-linear relationships in user 

behavior [8]. Neural Collaborative Filtering models 

have demonstrated improved recommendation 

accuracy by learning latent user-item interactions 

[9]. Autoencoders and embedding techniques are 

also used to enhance personalized movie 

suggestions [10]. Social media platforms and micro-

blogging websites such as Twitter contain large 

amounts of user-generated opinions and sentiments 

related to movies [11]. Sentiment analysis helps 

identify whether audience reactions toward movies 

are positive, negative, or neutral [12]. By integrating 

sentiment analysis with recommendation systems, 

the quality and relevance of movie suggestions can 

be significantly improved [13]. Natural Language 

Processing techniques such as tokenization, stop-

word removal, stemming, and lemmatization are 

commonly applied for preprocessing textual reviews 

[14]. Machine learning algorithms including Naive 

Bayes, Support Vector Machines, and deep neural 

networks are utilized for sentiment classification 

tasks [15]. The integration of user sentiment with 

collaborative filtering provides a more 

comprehensive understanding of audience 

preferences and improves user satisfaction [16]. 

In recent years, the importance of personalized 

recommendation systems has increased rapidly 

because streaming services rely heavily on 

recommendation engines to improve user retention 

and engagement [17]. Netflix reported that a large 

percentage of watched content is influenced by its 

recommendation algorithms [18]. The proposed 

project focuses on developing a movie 

recommendation system using sentiment analysis 

from micro-blogging data to provide intelligent and 

personalized movie recommendations [19]. The 

system collects user reviews, ratings, and movie-

related data from datasets and online platforms to 

generate accurate predictions [20]. Text 

preprocessing methods are applied to remove noise 

and convert raw reviews into meaningful 

information for analysis [21]. Sentiment 

classification techniques are used to determine 

audience opinion regarding different movies [22]. 

Collaborative filtering algorithms identify users 

with similar preferences and recommend movies 

liked by similar users [23]. Deep learning models 

such as autoencoders and neural networks are 

employed to improve the learning capability of the 

recommendation engine [24]. The MovieLens 

dataset is used because it contains extensive user 

ratings and movie interaction data suitable for 

recommendation research [25]. The TMDB API is 

integrated to obtain movie posters, trailers, 

metadata, and detailed information [26]. Evaluation 

metrics such as Root Mean Squared Error (RMSE), 

Precision, Recall, and F1-score are utilized to 

measure recommendation accuracy and system 

effectiveness [27]. The proposed system also aims to 

reduce cold-start issues by incorporating sentiment-

based user feedback into recommendation 

generation [28]. Scalability and efficient database 

management are considered to ensure the system can 

handle large datasets and multiple users 

simultaneously [29]. The overall objective of the 

International Journal of Engineering Science and Advanced Technology Vol 26 Issue 05, May 2026

ISSN No:2250-3676 www.ijesat.com Page 375 of 382



project is to develop a scalable, intelligent, and user-

friendly recommendation system that improves 

content discovery, reduces user search time, and 

enhances streaming platform engagement through 

personalized recommendations [30].  

II. LITERATURE SURVEY 

Several researchers have contributed significantly to 

the field of recommendation systems and sentiment 

analysis over the past decade. Collaborative filtering 

has emerged as one of the most widely adopted 

recommendation techniques due to its ability to 

recommend items based on user similarity and 

interaction patterns [1]. Matrix factorization 

methods were introduced to improve collaborative 

filtering by decomposing user-item rating matrices 

into latent features [2]. Koren et al. demonstrated the 

effectiveness of matrix factorization techniques in 

improving movie recommendation accuracy during 

the Netflix Prize competition [3]. Gomez-Uribe and 

Hunt discussed how Netflix combines multiple 

recommendation approaches to enhance user 

engagement and retention [4]. Harper and Konstan 

introduced the MovieLens dataset, which has 

become a benchmark dataset for recommendation 

system research [5]. Deep learning approaches later 

gained popularity because of their capability to 

model complex non-linear relationships in user 

behavior [6]. Elkahky et al. proposed a multi-view 

deep learning model for cross-domain 

recommendation systems that improved 

recommendation quality using rich user features [7]. 

Glorot and Bengio analyzed the training challenges 

associated with deep neural networks and proposed 

techniques for improving learning performance [8]. 

Autoencoder-based recommendation systems 

demonstrated better latent feature extraction and 

prediction accuracy compared to traditional 

collaborative filtering methods [9]. Neural 

Collaborative Filtering models further improved 

recommendation precision by integrating neural 

network architectures into user-item interaction 

learning [10]. Research also focused on hybrid 

recommendation systems that combine 

collaborative filtering and content-based filtering to 

overcome data sparsity and cold-start issues [11]. 

Sentiment analysis became an important research 

area because user opinions on social media provide 

valuable insights into audience preferences [12]. 

Natural Language Processing techniques such as 

tokenization, stemming, stop-word removal, and 

TF-IDF feature extraction are widely used for text 

preprocessing [13]. Naive Bayes and Support Vector 

Machine classifiers were commonly applied for 

sentiment classification tasks [14]. Deep learning-

based sentiment analysis models such as Recurrent 

Neural Networks and Long Short-Term Memory 

networks demonstrated improved accuracy in 

understanding textual sentiment [15]. Twitter and 

micro-blogging platforms became major sources for 

collecting real-time user opinions related to movies 

and entertainment content [16]. Researchers found 

that integrating sentiment analysis into 

recommendation systems improves 

recommendation relevance and user satisfaction 

[17]. 

Modern recommendation systems focus not only on 

prediction accuracy but also on scalability, 

personalization, and real-time recommendation 

generation [18]. Chai and Draxler compared RMSE 

and MAE evaluation metrics and concluded that 

RMSE is more suitable when errors follow Gaussian 

distribution patterns [19]. Performance evaluation 

metrics such as Precision, Recall, F1-score, and 

RMSE are widely used to compare recommendation 

algorithms [20]. Several researchers proposed 

hybrid recommendation models that integrate 

collaborative filtering, sentiment analysis, and deep 

learning techniques to improve recommendation 

quality [21]. Data sparsity remains a significant 
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challenge because users interact with only a small 

fraction of available movies [22]. To address this 

issue, embedding techniques and latent factor 

models have been widely adopted [23]. Cloud 

computing and distributed database systems have 

also been introduced to improve scalability and 

processing efficiency in large recommendation 

systems [24]. Researchers emphasized the 

importance of visualization and user-friendly 

interfaces for improving user interaction with 

recommendation platforms [25]. TMDB API 

integration became popular for enriching 

recommendation systems with movie posters, 

trailers, ratings, and cast information [26]. Django 

and Flask frameworks are widely used for 

implementing web-based recommendation systems 

due to their flexibility and scalability [27]. Recent 

studies also explored transformer-based 

recommendation models and reinforcement learning 

for adaptive recommendation generation [28]. 

Social media analytics combined with 

recommendation systems have proven effective in 

understanding dynamic user interests and trending 

movie preferences [29]. The reviewed literature 

indicates that combining collaborative filtering, 

deep learning, and sentiment analysis provides a 

highly effective approach for building intelligent 

movie recommendation systems capable of 

delivering accurate and personalized movie 

suggestions to users [30].  

III. PROPOSED SYSTEM 

The proposed system is designed to develop an 

intelligent movie recommendation platform that 

combines collaborative filtering techniques with 

sentiment analysis from micro-blogging data. The 

system collects user ratings, reviews, and social 

media comments related to movies from datasets 

and online platforms. Micro-blogging platforms 

such as Twitter provide real-time user opinions and 

public sentiment regarding movies and 

entertainment content. The collected textual data 

undergoes preprocessing using Natural Language 

Processing techniques including tokenization, stop-

word removal, stemming, lemmatization, and noise 

elimination. Sentiment analysis algorithms classify 

reviews into positive, negative, or neutral categories, 

enabling the system to understand audience 

emotions and preferences effectively. The 

recommendation engine uses collaborative filtering 

techniques to identify users with similar tastes and 

recommend movies preferred by similar users. 

Machine learning algorithms such as k-Nearest 

Neighbors and Matrix Factorization are 

implemented to establish baseline recommendation 

performance. Deep learning models including 

Neural Collaborative Filtering and autoencoders are 

integrated to capture complex user-item 

relationships and improve recommendation 

accuracy. The MovieLens dataset is utilized for 

training and evaluating the recommendation models, 

while TMDB API integration provides additional 

movie metadata such as posters, cast details, trailers, 

and genres. The system aims to deliver highly 

personalized movie recommendations while 

reducing search time and improving user 

satisfaction. 

 

The proposed system also addresses common 

challenges associated with traditional 

recommendation systems such as data sparsity, cold-

start problems, and scalability limitations. Hybrid 

recommendation strategies combine collaborative 
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filtering results with sentiment analysis outcomes to 

generate more accurate and context-aware 

recommendations. The database management 

module stores user profiles, ratings, reviews, and 

movie information efficiently using SQL and 

MySQL databases. A web-based user interface 

developed using Django enables users to search 

movies, rate content, and receive personalized 

recommendations dynamically. Performance 

evaluation metrics including RMSE, Precision, 

Recall, and F1-score are used to assess 

recommendation effectiveness and prediction 

quality. The proposed architecture supports 

scalability and efficient processing of large datasets 

generated by streaming platforms and social media 

applications. By integrating deep learning with 

sentiment analysis, the system enhances 

recommendation relevance and captures changing 

user preferences effectively. The proposed movie 

recommendation system ultimately aims to improve 

content discovery, increase user engagement, and 

provide a robust and intelligent recommendation 

solution suitable for modern streaming 

environments.  

IV. SYSTEM DESIGN 

The system design of the movie recommendation 

platform consists of multiple interconnected 

modules that work together to provide personalized 

movie recommendations efficiently. The first 

module is the micro-blogging data collection 

module, which gathers movie-related reviews and 

comments from social media platforms and online 

datasets. The collected data is stored in the database 

for further processing and analysis. The second 

module is the text preprocessing module, where 

Natural Language Processing techniques are applied 

to clean and structure the textual data. Processes 

such as tokenization, stop-word removal, stemming, 

lemmatization, and punctuation elimination help 

transform raw text into meaningful information 

suitable for sentiment analysis. The sentiment 

classification module then processes the cleaned text 

using machine learning and deep learning models to 

determine whether user opinions are positive, 

negative, or neutral. These sentiment scores are 

combined with user ratings and interaction history to 

improve recommendation quality. The 

recommendation engine forms the core component 

of the system and utilizes collaborative filtering, 

content-based filtering, and deep learning 

algorithms to predict user preferences and generate 

personalized movie suggestions. Neural 

Collaborative Filtering and autoencoder models are 

integrated to capture hidden relationships between 

users and movies effectively. 
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The system architecture also includes database 

management, API integration, and visualization 

modules to ensure efficient system functionality and 

improved user experience. SQL and MySQL 

databases are used for storing user profiles, ratings, 

reviews, movie metadata, and recommendation 

results securely. TMDB API integration provides 

movie posters, trailers, cast details, and additional 

metadata to enrich recommendation outputs and 

enhance the user interface. The frontend interface is 

developed using Django templates, HTML, CSS, 

and Bootstrap to create an interactive and user-

friendly recommendation platform. Users can 

register, log in, search movies, rate content, and view 

personalized recommendations dynamically. The 

system also includes caching mechanisms to 

improve response speed and reduce computational 

overhead during recommendation generation. 

Evaluation metrics such as RMSE, Precision, 

Recall, and F1-score are integrated into the system 

to measure model performance and recommendation 

accuracy continuously. The modular architecture of 

the proposed system ensures scalability, 

maintainability, and efficient handling of large 

datasets and multiple users simultaneously. The 

overall design supports intelligent recommendation 

generation while providing an effective and 

engaging movie discovery experience for users.  

 

 

V. RESULTS 
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VI. CONCLUSION 

The proposed movie recommendation system using 

sentiment analysis from micro-blogging data 

provides an intelligent and efficient solution for 

personalized movie recommendations in modern 

streaming environments. The integration of 

collaborative filtering, deep learning, and sentiment 

analysis techniques enables the system to understand 

user preferences more accurately and generate 

highly relevant movie suggestions. Traditional 

recommendation systems often suffer from 

limitations such as data sparsity, cold-start problems, 

and reduced prediction accuracy. The proposed 

system addresses these challenges by combining 

user ratings, viewing history, and real-time 

sentiment data collected from social media 

platforms. Natural Language Processing techniques 

help preprocess and analyze textual reviews 

effectively, while machine learning and deep 

learning models improve sentiment classification 

and recommendation performance. The use of 

Neural Collaborative Filtering, autoencoders, and 

hybrid recommendation strategies enhances the 

system’s capability to capture hidden user-item 

relationships and dynamic user preferences. 

Integration with the MovieLens dataset and TMDB 

API enriches the recommendation process by 

providing detailed movie metadata, posters, and 

trailers. Evaluation metrics such as RMSE, 

Precision, Recall, and F1-score demonstrate the 

effectiveness and reliability of the recommendation 

engine. The developed web-based platform offers a 

user-friendly interface where users can search 

movies, provide ratings, and receive personalized 

recommendations dynamically. The modular and 

scalable architecture ensures efficient handling of 

large datasets and multiple users simultaneously. 

Overall, the proposed system significantly improves 

content discovery, reduces user search time, and 

enhances user satisfaction and engagement. Future 

enhancements may include transformer-based 

recommendation models, reinforcement learning 

techniques, multilingual sentiment analysis, and 

real-time adaptive recommendation generation for 

further improving recommendation quality and 

personalization capabilities.  
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