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NATURAL LANGUAGE PROCESSING BASED ON MOVIE RATING SYSTEM USING MICROBLOGGING
ABSTRACT
Movie recommendation systems help users quickly find movies that match their preferences, similar to platforms like Netflix, which personalize suggestions based on individual viewing habits. As digital content grows exponentially with technological advancements, users face challenges in discovering movies that align with their taste, sentiment, and genre. To address this issue, various software solutions have been developed to improve movie recommendations. However, traditional recommendation methods, such as content-based and collaborative filtering, often struggle to deliver highly personalized suggestions. To enhance accuracy, this system leverages advanced sentiment analysis techniques to evaluate user reviews and align recommendations with individual preferences. By incorporating multiple algorithms, the system improves personalization and ensures an intuitive, user-friendly interface for a seamless movie discovery experience.
Keywords: Movie Recommendation, Micro Blogging, Natural language Processing, Sentiment Analysis.
1. Introduction

The objective of this project is to develop a movie recommendation system that incorporates sentiment analysis from micro-blogging data. Social media platforms such as Twitter and Facebook have become an essential part of daily life, where users frequently express their opinions about movies. These platforms provide a vast amount of user-generated content, which can be leveraged to gain insights into public sentiment regarding specific films.

The proposed system will analyze sentiments from tweets and other micro-blogging data to enhance movie recommendations. Natural Language Processing (NLP) techniques will be applied to extract meaningful information from text data. The extracted content will undergo sentiment analysis to classify opinions as positive, negative, or neutral.

For movie recommendations, the system will implement collaborative filtering, a technique that suggests content based on the preferences and ratings of similar users. The sentiment analysis data will be integrated into the recommendation process, allowing the system to tailor suggestions based on user's emotional responses to movies.

 This project will be developed using the Python programming language and will utilize popular libraries such as Pandas, NumPy, Scikit-learn, and NLTK. The effectiveness of the system will be evaluated using performance metrics including accuracy, precision, recall, and F1-score.
By incorporating sentiment analysis, this recommendation system aims to deliver highly personalized and accurate movie suggestions. Additionally, it can provide valuable insights to movie producers and studios, helping them understand audience reactions and make informed decisions for future content improvements.
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                      Figure 1 Architecture of credit scoring system
The system begins with Data Collection, where movie-related information is gathered from various sources, including social media platforms. This data includes user reviews, ratings, and metadata such as movie genres, actors, and directors.

Next, the Preprocessing phase ensures that the collected data is cleaned and standardized. This involves removing noise, normalizing text, and extracting key features relevant to movie recommendations.

At the core of the system are Recommendation Algorithms, which analyze user preferences and movie data to generate personalized suggestions. These algorithms may use collaborative filtering, content-based filtering, or a hybrid approach incorporating machine learning models to improve accuracy.

The User Profiling module creates detailed user profiles based on their past interactions, ratings, and sentiment analysis of their reviews. These profiles help the system understand user preferences, which are then utilized by the Recommendation Generation module to predict and suggest movies the user is likely to enjoy.

To ensure the system's effectiveness, it undergoes Evaluation and Refinement, where recommendation accuracy and performance are measured using evaluation metrics like precision and recall. Based on these results, the recommendation algorithms and user profiling techniques are optimized for better accuracy and relevance.

Finally, the system is Deployed with a user-friendly interface that delivers personalized movie recommendations, ensuring an engaging and seamless user experience.

2. Literature Survey

This study explores how micro-blogging activities on Twitter can be effectively utilized for user modeling and personalization. The paper presents a framework that enhances the semantic understanding of Twitter messages (tweets) by identifying key topics, entities (such as individuals, events, and products), and hashtags [1]. The research examines different approaches for constructing user profiles, including hashtag-based,entity-based, and topic-based strategies, while assessing the impact of semantic enrichment on these profiles. Additionally, the study evaluates how user interests evolve over time and their influence on personalized news recommendations.
Findings indicate that semantic enrichment improves the variety and quality of user profiles. Moreover, the analysis shows that different user modeling techniques influence the effectiveness of personalization, with temporal profile patterns playing a crucial role in enhancing recommendation accuracy. This research explores how Twitter microblogging activities can be utilized for user modeling and personalization. The study presents a framework designed to enhance the semantic understanding of tweets by identifying key topics and entities, including individuals, events, and products.
The paper examines different methods for constructing user profiles based on hashtags, entities, and topics while evaluating the benefits of semantic enrichment. Additionally, it investigates the temporal evolution of these user profiles and their influence on personalized news recommendations. The findings highlight that semantic enrichment significantly improves the diversity and quality of user profiles. Furthermore, the study demonstrates how different user modeling techniques affect personalization and reveals that incorporating temporal profile patterns enhances recommendation accuracy.
This paper provides a comprehensive overview of recommender systems, detailing the primary methods used in their implementation. These methods are broadly categorized into three types: content-based filtering, collaborative filtering, and hybrid approaches. Additionally, the study highlights the limitations of existing recommendation techniques and explores potential enhancements that could expand their effectiveness. These improvements include a deeper understanding of user preferences and item characteristics, the integration of contextual information into recommendations, support for multi-criteria rating systems, and the development of more adaptable and less intrusive recommendation techniques. By addressing these aspects, recommender systems can be refined to cater to a wider range of applications.
2.1 Enhancing deep learning sentiment analysis with ensemble techniques in social applications
Deep learning techniques have gained significant attention in Sentiment Analysis, offering automatic feature extraction and superior representation capabilities compared to traditional methods. Unlike conventional feature-based approaches, which rely on manually crafted features, deep learning eliminates the need for extensive feature engineering while improving performance. However, traditional surface-based methods remain relevant due to their strong predictive capabilities, which can complement deep learning models.
This study aims to enhance deep learning-based sentiment analysis by integrating it with conventional surface approaches. The contributions of this research are as follows:
1. Development of a deep learning-based sentiment classifier using word embeddings and a linear machine learning model as a baseline for comparison.
2. Introduction of two ensemble techniques that combine the baseline classifier with widely used surface-based sentiment classifiers.
3. Proposal of two models that merge deep learning and surface-based features to improve sentiment classification.
4. Establishment of a taxonomy categorizing sentiment analysis models, including those introduced in this study.
5. Conducting comparative experiments using seven publicly available datasets from micro-blogging and movie review sources.
6. Performing a statistical analysis, which confirms that the proposed models outperform the baseline classifier in terms of F1-score.
The findings highlight that combining deep learning with traditional feature-based methods leads to improved sentiment classification performance, demonstrating the value of hybrid approaches in Sentiment Analysis.
Recommendation systems have become increasingly important in both academic research and industry applications. Among these, collaborative filtering algorithms are widely used, relying on user-item interactions to generate recommendations. However, with the availability of additional information sources—such as item descriptions and social media data—recommendation systems have evolved into hybrid models that integrate both user behavior and contextual information to improve accuracy. This study introduces new hybrid recommendation algorithms that incorporate relationships between content features to enhance performance. The research presents a novel method for extracting content feature relationships and effectively integrating them into a collaborative filtering framework. By modifying the traditional collaborative filtering algorithm, the proposed approach seamlessly embeds these relationships to refine recommendations.
One of the key advantages of this method is its ability to better handle the cold-start problem, which is a common challenge in traditional recommendation systems. Additionally, the study proposes an innovative content-based hybrid recommendation system. Experimental results on a benchmark movie dataset demonstrate that this approach significantly enhances recommendation accuracy, while also maintaining novelty and diversity in the suggested movie lists. Earlier studies on movie recommendation systems primarily focused on machine learning techniques without incorporating sentiment analysis. Many of these systems were developed using Python-based approaches and relied on traditional recommendation models.
Although recommendation systems existed previously, they often failed to provide highly personalized movie suggestions because they did not account for user sentiments. The absence of sentiment analysis in these models meant that recommendations were based solely on ratings and predefined criteria, rather than real-time audience opinions. With the integration of sentiment analysis, recommendation systems have improved in terms of personalization and accuracy. However, new challenges have emerged, such as determining whether recommendations should be based on search history or user ratings. This sometimes leads to inconsistencies in the suggested movie list.

4.  Results and Analysis
To run this project click on the run.bat file to get the below 
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                                                             Figure 2. Screenshot for user interface
In Figure 2, select the ‘Upload Movie Tweetings Dataset’ button to initiate the dataset upload process.

                                                        Figure 3. Screenshot for uploading Data Set
In Figure 3, choose the entire "Dataset" folder for upload, then click the ‘Select Folder’ button to proceed with loading the dataset and generating Figure 3.
Figure 4 : Loading Data Set
In Figure 4 , the dataset has been successfully loaded. Now, click on the ‘Read & Preprocess Dataset’ button to read the data and remove special symbols from movie names.
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Figure 5: Build Collaborative Filtering Model
In Figure 5, the collaborative matrix has been successfully created. Now, click on the ‘Build Content-Based Model’ button to generate the content-based model.
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Figure 6. Build Content Based Model
In Figure 6, the content matrix model has been successfully generated, incorporating ratings and movie details. Now, click on the ‘Build Sentiment Model’ button to create the sentiment analysis model.
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Figure 7. Build Sentiment Model
In Figure 7, the sentiment analysis model has been successfully generated. Now, click on the ‘Movie Recommendation using All Models’ button to enter the desired movie details. The application will then generate movie recommendations using all integrated models.
Figure 8. Enter desired movie details
In Figure 8, movie preferences have been entered, specifying genres such as Action and Comedy, along with a title keyword like "Fury." If the dataset included actor or director details, those could also be specified, but this dataset does not contain such information. Now, click the ‘OK’ button to generate the recommended movie results.

Figure 9: Recommending some movies
In Figure 9, the system recommends movies by computing Content Filtering, Collaborative Filtering Ratings, and Sentiment Analysis Scores for each movie. Users can evaluate these values to choose the best movie according to their preferences. Similarly, users can enter any movie-related query, and the application will suggest the top movies based on content, sentiment, and collaborative filtering models.
Now, click on the ‘Top 10 Movie Sentiment Graph’ button to visualize the sentiment distribution for all recommended movies.
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Figure 10: Top 10 Movies Sentiment Graph
In Figure 10, the graph illustrates the distribution of sentiment analysis results for the recommended movies. The x-axis represents different sentiment categories, while the y-axis indicates the count of movies falling under each sentiment type. Based on the graph, approximately 30 movies have been recommended, with the majority classified under positive sentiment
5. Conclusion

Recommender Systems (RSs) play a crucial role in information filtering, especially in today's digital era, where vast amounts of data are readily accessible. This study introduces a movie recommendation system that integrates sentiment analysis from Twitter, movie metadata, and a social graph to enhance recommendations. Sentiment analysis helps gauge audience reactions to movies, providing valuable insights for improving recommendations. The proposed system employs a weighted score fusion approach to refine suggestions. Experimental results indicate that the average precision for the Top-5 and Top-10 recommendations in sentiment similarity, hybrid, and the proposed model are 0.54 and 1.04, 1.86 and 3.31, and 2.54 and 4.97, respectively. Findings demonstrate that the proposed model delivers more accurate recommendations compared to other approaches. Future enhancements will focus on incorporating a deeper understanding of user emotions by analyzing sentiment from multiple social media platforms, including non-English languages, to further optimize the recommendation system.
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