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ABSTRACT 

The rapid growth of online movie streaming 

platforms and social media applications has 

generated massive amounts of user-generated 

content, making personalized movie 

recommendation systems increasingly important. 

This project, titled Movie Recommendation Using 

Sentiment Analysis from Micro Blogging Data, 

proposes an intelligent recommendation framework 

that combines sentiment analysis with traditional 

recommendation techniques to improve 

recommendation accuracy and user satisfaction. The 

system collects movie-related data from micro-

blogging platforms such as Twitter and Reddit, 

where users frequently express opinions, reviews, 

ratings, and reactions toward movies. Natural 

Language Processing (NLP) and machine learning 

techniques are applied to preprocess the collected 

textual data and classify sentiments into positive, 

negative, or neutral categories. The proposed system 

integrates collaborative filtering, content-based 

filtering, and sentiment-driven recommendation 

approaches to generate personalized movie 

suggestions for users. Deep learning models such as 

LSTM, CNN, and transformer-based architectures 

are utilized to understand contextual meaning, slang, 

hashtags, and informal expressions commonly found 

in social media data. The framework also supports 

real-time trend analysis to identify popular and 

trending movies based on collective audience 

sentiment. By incorporating sentiment information 

into the recommendation process, the system 

reduces cold-start issues, enhances personalization, 

and improves prediction accuracy compared to 

traditional recommendation systems. The project 

also focuses on scalability, security, and efficient 

data processing for handling large volumes of real-

time micro-blogging data. Experimental evaluation 

demonstrates that the proposed approach provides 

more relevant and dynamic movie 

recommendations, thereby improving user 

engagement and overall viewing experience. The 

system serves as an effective solution for modern 

streaming platforms seeking intelligent and adaptive 

recommendation mechanisms.  
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I. INTRODUCTION 

The rapid advancement of digital entertainment 

platforms has significantly transformed the way 

users consume movies and multimedia content. 

Online streaming services such as Netflix, Amazon 

Prime, Disney+, and Hotstar provide access to 

thousands of movies and web series, creating a 

major challenge for users in identifying content that 

matches their interests and preferences [1]. 

Traditional recommendation systems were 
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developed to address this issue by suggesting 

movies based on user ratings, watch history, and 

browsing behavior [2]. Collaborative filtering and 

content-based filtering became the most widely 

adopted recommendation techniques because of 

their ability to analyze user-item relationships and 

movie characteristics [3]. However, these methods 

suffer from limitations such as data sparsity, cold-

start problems, and lack of contextual understanding 

of user opinions [4]. At the same time, the rapid 

growth of social media and micro-blogging 

platforms has resulted in enormous volumes of user-

generated data containing valuable opinions and 

reviews regarding movies [5]. Platforms such as 

Twitter, Reddit, and Facebook allow users to share 

instant reactions, emotional responses, and 

discussions about movies, making them important 

sources for understanding audience preferences [6]. 

Sentiment analysis has emerged as a powerful 

Natural Language Processing (NLP) technique 

capable of identifying emotions, attitudes, and 

opinions expressed in textual data [7]. By integrating 

sentiment analysis into recommendation systems, it 

becomes possible to generate more personalized and 

accurate movie suggestions [8]. Machine learning 

algorithms such as Naïve Bayes, Support Vector 

Machines, and Logistic Regression are commonly 

used for sentiment classification tasks [9]. More 

recently, deep learning approaches including CNN, 

LSTM, and transformer-based architectures such as 

BERT and RoBERTa have demonstrated superior 

performance in understanding contextual meaning 

and user emotions [10]. These advanced models can 

effectively handle informal language, slang, 

hashtags, and emojis that are commonly found in 

social media content [11]. Recommendation systems 

enhanced with sentiment analysis have shown 

improved prediction accuracy and user satisfaction 

when compared with traditional methods [12]. Real-

time data processing frameworks also enable 

continuous updating of recommendations based on 

changing user opinions and trending topics [13]. The 

integration of micro-blogging data with 

recommendation algorithms provides a dynamic and 

adaptive environment capable of reflecting audience 

interests more effectively [14]. Researchers have 

also explored hybrid recommendation frameworks 

that combine collaborative filtering, content-based 

filtering, and sentiment-driven analysis to overcome 

the limitations of individual approaches [15]. 

The proposed system, Movie Recommendation 

Using Sentiment Analysis from Micro Blogging 

Data, aims to develop an intelligent and adaptive 

recommendation framework capable of analyzing 

real-time social media opinions to provide accurate 

movie recommendations [16]. The system 

automatically collects movie-related posts and 

comments from micro-blogging platforms using 

APIs and data extraction techniques [17]. The 

collected data undergoes preprocessing operations 

such as tokenization, stop-word removal, stemming, 

and lemmatization to improve text quality and 

consistency [18]. Sentiment analysis models are 

then applied to classify user opinions into positive, 

negative, or neutral sentiments [19]. These 

sentiment scores are integrated with collaborative 

filtering and content-based recommendation 

techniques to generate highly personalized movie 

suggestions [20]. The system also identifies trending 

movies based on audience discussions, frequency of 

mentions, and sentiment patterns [21]. Deep 

learning models are utilized to capture complex 

relationships between users and movies while 

understanding contextual emotions from textual data 

[22]. The framework supports scalability and real-

time processing to handle continuously growing 

social media data streams efficiently [23]. The 

recommendation engine continuously updates user 

profiles based on ratings, watch history, and user 

interactions to enhance personalization [24]. In 
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addition, the proposed system addresses challenges 

such as noisy data, spam reviews, sarcasm detection, 

and multilingual content processing [25]. The 

integration of sentiment analysis reduces 

dependence on explicit ratings and improves 

recommendation relevance even when user rating 

information is limited [26]. The system also 

provides visualization dashboards for displaying 

trending movies, sentiment distribution, and 

recommendation insights [27]. Security and privacy 

mechanisms are implemented to ensure safe 

handling of user information and compliance with 

platform policies [28]. Experimental analysis 

demonstrates that sentiment-driven hybrid 

recommendation systems outperform conventional 

recommendation approaches in terms of prediction 

accuracy and user engagement [29]. Therefore, the 

proposed framework represents an effective solution 

for modern movie streaming platforms seeking 

intelligent, scalable, and user-centric 

recommendation systems capable of adapting to 

rapidly changing audience preferences [30].  

II. LITERATURE SURVEY 

Movie recommendation systems have become an 

essential component of modern streaming platforms 

because they help users discover relevant and 

personalized content efficiently [1]. Early 

recommendation systems mainly relied on 

collaborative filtering approaches, where movie 

suggestions were generated based on similarities 

between users and their ratings [2]. Although 

collaborative filtering achieved considerable 

success, it faced several limitations such as cold-

start problems, sparsity of rating matrices, and 

inability to capture contextual user preferences [3]. 

Content-based filtering methods were later 

introduced to overcome some of these challenges by 

recommending movies with features similar to those 

previously liked by users [4]. However, content-

based systems often failed to consider evolving 

audience emotions and social trends [5]. With the 

rapid growth of social media platforms and micro-

blogging services, researchers began exploring the 

use of user-generated textual content for 

recommendation purposes [6]. Sentiment analysis 

emerged as a powerful Natural Language Processing 

technique for extracting opinions and emotional 

information from reviews, comments, and tweets 

[7]. Smith proposed a sentiment-driven 

recommendation framework using transformer-

based models such as BERT and RoBERTa to 

analyze movie-related tweets and improve 

recommendation accuracy [8]. The study 

demonstrated that contextual embeddings 

significantly enhance sentiment classification 

performance when compared with traditional 

machine learning models [9]. Sharma and Verma 

introduced a hybrid movie recommendation system 

that combines collaborative filtering with sentiment 

analysis extracted from user reviews [10]. Their 

work proved that integrating textual sentiments with 

numerical ratings helps reduce cold-start issues and 

improves user satisfaction [11]. Lee developed a 

real-time recommendation framework capable of 

processing continuous micro-blogging data streams 

from platforms such as Twitter and Reddit [12]. The 

research emphasized the importance of capturing 

dynamic user opinions and trending discussions for 

generating adaptive recommendations [13]. 

Traditional sentiment analysis models such as Naïve 

Bayes, Logistic Regression, and Support Vector 

Machines have also been widely applied for movie 

review classification tasks [14]. Khan and Gupta 

compared several machine learning algorithms for 

sentiment classification and concluded that Support 

Vector Machines achieve better accuracy for 

identifying positive and negative movie reviews 

[15]. 
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Recent advancements in deep learning have 

significantly improved the effectiveness of 

recommendation systems and sentiment analysis 

techniques [16]. Chen and Zhang explored deep 

learning approaches such as CNN, LSTM, and 

Neural Collaborative Filtering for personalized 

movie recommendations [17]. Their study 

demonstrated that deep neural networks can capture 

complex latent relationships between users and 

movies more effectively than traditional methods 

[18]. Word embedding techniques such as Word2Vec 

and GloVe further enhanced textual representation 

by converting words into meaningful vector 

representations [19]. Transformer-based 

architectures including BERT, RoBERTa, and GPT 

models have shown exceptional performance in 

understanding contextual semantics, sarcasm, and 

emotional expressions from short social media posts 

[20]. Researchers also focused on integrating real-

time data processing frameworks such as Apache 

Kafka and Apache Spark to handle large-scale 

streaming data efficiently [21]. Topic modeling 

techniques including LDA and BERTopic were 

applied to identify trending themes and popular 

movie discussions from social media data [22]. 

Hybrid recommendation systems combining 

collaborative filtering, content-based filtering, and 

sentiment analysis achieved higher recommendation 

accuracy and better personalization compared to 

standalone techniques [23]. Several studies also 

addressed challenges associated with noisy data, 

fake reviews, spam detection, and multilingual 

content processing [24]. NLP preprocessing 

techniques such as tokenization, stop-word removal, 

stemming, and lemmatization were widely used to 

improve data quality before sentiment classification 

[25]. Deep learning models such as LSTM and 

attention-based neural networks demonstrated 

strong capability in understanding sequential textual 

information and long-term dependencies [26]. Real-

time recommendation frameworks continuously 

update user preferences and trending information to 

generate adaptive recommendations [27]. 

Researchers concluded that incorporating sentiment 

information from micro-blogging platforms 

significantly enhances recommendation relevance 

and user engagement [28]. Despite these 

advancements, many existing systems still face 

challenges related to scalability, computational 

complexity, and integration of heterogeneous data 

sources [29]. Therefore, there remains a strong need 

for intelligent hybrid recommendation frameworks 

capable of efficiently processing real-time social 

media data and generating highly personalized 

movie recommendations based on audience 

sentiment and behavioral patterns [30].  

III. PROPOSED SYSTEM 

The proposed system introduces an intelligent movie 

recommendation framework that combines 

sentiment analysis with traditional recommendation 

techniques to provide accurate and personalized 

movie suggestions. Unlike conventional 

recommendation systems that rely only on ratings 

and watch history, the proposed model utilizes 

micro-blogging data collected from platforms such 

as Twitter and Reddit to capture real-time audience 

opinions and preferences. The system continuously 

gathers movie-related tweets, posts, hashtags, 

comments, and reviews using APIs and data 

extraction methods. The collected data undergoes 

preprocessing operations including tokenization, 

stop-word removal, stemming, lemmatization, 

normalization, and duplicate elimination to improve 

text quality and consistency. Natural Language 

Processing techniques are then applied to analyze 

user-generated content and classify sentiments into 

positive, negative, or neutral categories. Machine 

learning and deep learning algorithms such as Naïve 

Bayes, Support Vector Machines, CNN, LSTM, and 
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transformer-based models are used to improve 

sentiment classification accuracy. These models 

help in understanding contextual meaning, sarcasm, 

slang, emojis, and informal language commonly 

found in social media data. The extracted sentiment 

scores are stored along with movie details, user 

preferences, and ratings in the database for further 

recommendation processing. 

 

The recommendation engine integrates 

collaborative filtering, content-based filtering, and 

sentiment-driven analysis to generate highly 

personalized movie recommendations. 

Collaborative filtering identifies similarities among 

users and recommends movies liked by users with 

similar preferences, while content-based filtering 

suggests movies based on genre, cast, keywords, and 

movie features. The sentiment analysis component 

enhances the recommendation process by 

incorporating audience emotions and public opinion 

into recommendation decisions. The system also 

identifies trending movies based on frequency of 

mentions, sentiment scores, and audience 

discussions on micro-blogging platforms. Real-time 

data processing frameworks enable the system to 

update recommendations dynamically according to 

changing user interests and trends. The frontend 

interface allows users to search movies, view 

recommendations, rate movies, provide feedback, 

and explore trending content easily. Admin modules 

are included for user management, monitoring 

system performance, dataset management, and spam 

filtering. The proposed framework reduces cold-

start problems, improves recommendation 

relevance, and increases user satisfaction compared 

to traditional recommendation systems. The 

integration of deep learning, NLP, and real-time 

social media analytics makes the system scalable, 

adaptive, and suitable for modern streaming 

platforms requiring intelligent recommendation 

capabilities.  

IV. SYSTEM DESIGN 

The system architecture of the proposed movie 

recommendation framework consists of multiple 

interconnected modules designed to collect, process, 

analyze, and recommend movies efficiently. The 

first component of the system is the data collection 

module, which gathers movie-related information 

from micro-blogging platforms such as Twitter and 

Reddit using APIs and web scraping techniques. The 

collected data includes tweets, comments, hashtags, 

reviews, ratings, and user discussions related to 

movies. After data collection, the preprocessing 

module performs cleaning operations such as 

tokenization, stop-word removal, stemming, 

lemmatization, normalization, and removal of 

irrelevant or duplicate content. The processed data is 

then stored in databases such as MySQL or 

MongoDB for efficient retrieval and management. 

The sentiment analysis module applies Natural 

Language Processing and machine learning 

techniques to classify the collected textual data into 

positive, negative, or neutral sentiments. Models 

such as Naïve Bayes, Support Vector Machines, 

CNN, LSTM, and transformer-based architectures 

are utilized to improve sentiment classification 

accuracy. The recommendation engine integrates 

collaborative filtering, content-based filtering, and 

sentiment-driven approaches to generate 

personalized movie recommendations for users. The 

collaborative filtering mechanism identifies 

similarities among users and recommends movies 
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preferred by similar users, while content-based 

filtering suggests movies based on movie attributes 

such as genre, actors, keywords, and storyline 

features.  

 

 

The frontend interface of the system is developed 

using HTML, CSS, JavaScript, and React.js to 

provide an interactive and user-friendly 

environment for users and administrators. Users can 

register, log in, search for movies, rate movies, 

provide reviews, and receive personalized 

recommendations through the interface. The system 

also includes a trending movie detection module that 

identifies popular movies based on real-time 

sentiment scores, audience discussions, and 

frequency of mentions across social media 

platforms. The admin module is responsible for 

monitoring user activities, managing datasets, 

handling spam content, and maintaining overall 

system integrity. Real-time processing frameworks 

such as Apache Kafka and Apache Spark can be 

integrated to support continuous data streaming and 

rapid recommendation updates. The system also 

contains reporting and visualization modules that 

display sentiment trends, recommendation statistics, 

user activity, and movie popularity using charts and 

dashboards. Security mechanisms including 

authentication, authorization, encrypted password 

storage, and secure session management are 

implemented to protect user information and system 

resources. Feedback provided by users is 

continuously incorporated into the recommendation 

engine to improve prediction accuracy and 

personalization. The modular design of the system 

ensures scalability, maintainability, and efficient 

performance while handling large volumes of social 

media data and multiple concurrent users effectively.  

 

V. RESULTS 

 

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

ISSN No:2250-3676 www.ijesat.com Page 431 of 435



 

 

 

 

 

 

 

 

 

 

VI. CONCLUSION 

The proposed project, Movie Recommendation 

Using Sentiment Analysis from Micro Blogging 

Data, presents an intelligent and adaptive 

recommendation framework capable of generating 

personalized movie suggestions by analyzing user 
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opinions and social media interactions. Traditional 

recommendation systems mainly depend on ratings 

and watch history, which often fail to capture the real 

emotions, interests, and dynamic preferences of 

users. To overcome these limitations, the proposed 

system integrates sentiment analysis with 

collaborative filtering and content-based 

recommendation techniques, thereby improving 

recommendation relevance and prediction accuracy. 

The system collects movie-related data from micro-

blogging platforms such as Twitter and Reddit, 

preprocesses the textual information using Natural 

Language Processing techniques, and applies 

machine learning and deep learning models to 

classify sentiments effectively. By incorporating 

sentiment scores into the recommendation process, 

the framework successfully captures audience 

emotions, trending discussions, and real-time 

preferences. The system also addresses major 

challenges such as cold-start problems, noisy data 

handling, spam filtering, sarcasm detection, and 

processing informal language commonly found in 

social media platforms. Deep learning approaches 

including CNN, LSTM, and transformer-based 

architectures further enhance contextual 

understanding and recommendation quality. The 

recommendation engine continuously updates 

suggestions based on changing audience opinions 

and user interactions, making the system dynamic 

and adaptive. The modular system architecture 

ensures scalability, efficient processing, security, 

and easy maintenance for large-scale deployment. 

Experimental observations indicate that sentiment-

driven hybrid recommendation systems provide 

better user engagement and satisfaction when 

compared with traditional recommendation 

methods. The proposed framework can be 

effectively utilized by modern streaming platforms 

to improve content discovery, increase user 

retention, and provide a more personalized viewing 

experience. Future enhancements may include 

multilingual sentiment analysis, voice-based 

recommendations, advanced emotion detection, and 

integration with additional social media platforms 

for broader recommendation capabilities.  
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