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Abstract
Social media is now among the key communicational platforms through which people elaborate their stances, report on their interactions, and contribute to the exchange of viewpoints on nearly any issue in the era of digitalization. This unstructured data, which is collected in such enormous quantities may contain chances as well as risks for the organizations who intend to analyze public opinion and make decisions based on the data gathered. In this thesis, a new, complex sentiment analysis model will be created and improved using the advantages of Recurrent Neural Networks and Transformers to increase the efficiency of sentiment recognition in social media posts.  The study starts with an analysis of the prior art in sentiment analysis, highlighting the drawbacks of traditional methods when it comes to dealing with diverse emotions and contexts as well as languages. A novel mixed model combining the advantages of the sequential modeling of RNNs and the contextual understanding of Transformers is then presented. In this work Twitter dataset containing tweets labeled by sentiment and augmented with emotions due to emoji is used for training and evaluation of the model. From the analysis of the proposed model, the results show that the proposed model has a better performance compared to Bayesian classification for sentiment classification tasks. It also contains an evaluation of the work-practical implementation where the model capability, costiveness, and suitability in practice are affirmed. The study shows that the hybrid model increases the accuracy of sentiment detection and provides a reliable solution for real-time social media analysis, which maps this solution as useful for business and academic communities.  This work is relevant to the field of sentiment analysis since the proposed method is more refined and perceived cultural models to solve the current model’s problems. The study has implications for organizations that are seeking to gain insights from social media data to manage public opinion. 
[bookmark: _Toc175748595]Chapter 1
[bookmark: _Toc175748596]Introduction
[bookmark: _Toc175748597]1.1   Background and Context 
 With the new technological advancement, social media have become among the most effective communication tools and information transfer. People irrespective of their geographical location use social media solutions such as Twitter, Facebook, and Instagram to type in their opinions, to share stories, and to converse on any topic of concern. This overwhelming amount of data is creating both opportunities and threats for organizations that are aiming at the analysis of public opinion and making managerial decisions (Kaplan & Haenlein, 2010).
  Subtype of the NLP technology, called sentiment analysis observed a dramatic increase in popularity as a tool for identifying and measuring subjective information from the textual content. Overall, sentiment analysis allows businesses and researchers to assess the attitude of the audience, track the company’s image, and observe trends based on the scan of the emotional background of the messages to social media (Pang & Lee, 2008). Thus, the applicability of sentiment analysis has been improved with the use of machine learning techniques, as they enable efficient and fast processing of large amounts of textual data (Manning et al., 2008).
Social media makes communication simple and fast. They alter corporate and legal perspectives. Reading and understanding extensive articles on these sites at the correct moment is difficult in school, job, and politics. This requirement has risen, making mood analysis a crucial tool for conversing online and making decisions (Buhari Bello et al., 2024)
Mood analysis began with text and NLP. First, word lists were employed. Time improved my machine-learning skills. It currently supports industry, government, and research. These things are feasible because the web makes plenty of information accessible. What transpired shows how crucial excellent models are for considering how people communicate in different settings and the challenges that emerge (Srihith et al., 2022).
Even while mood analysis methods have improved, they still struggle to detect humor, comedy, and context-dependent meanings. These issues demonstrate that current methods are lacking, notably in language and minor emotion understanding. Addressing these issues is both academically rewarding and vital since the findings affect consumer interactions, market tactics, and even politics. Mixed machine learning models that combine Recurrent Neural Networks (RNNs) linguistic flexibility with Transformer-based situational awareness like BERT are of interest. This study might improve mood detection and lead to more complicated and culturally sensitive sentiment analysis technologies (Zhou et al., 2023)
Sentiment analysis can be categorized as a process that has come of age since what we currently have is not comparable to what was in existence a few years ago. In the beginning, the SA aimed at applying dictionaries or checklists of words and signs, as well as simple algorithms, to categorize the text as positive, negative, or neutral. Such early techniques usually posed challenges when dealing with natural language processing, they could not deal with contextual data, with elements like sarcasm, or even with human emotions, as pointed out by Pang & Lee, 2008.
 It was with Machine learning techniques that the field was made to realize several advancements. They included Support Vector Machines (SVMs) and Naive Bayes classifiers were slightly better than rule-based systems because they can learn from the given labeled data and capture slightly more complex patterns from text. However, these models of early SM analysis still had problems with the semantic context and different kinds of sentiments within various languages and cultures. 
 The appearance of deep learning is recognized as a major step forward. LSTM and more generally RNN models proved their potential in better capturing and dealing with sequential data. This advancement enabled the enhancement of text analysis; the word order plays an important role in sentiment analysis (Sutskever et al., 2014). In more detail, the following thesis is going to present how those models have influenced the development of SA, especially concerning the field of social media. 
 More developments were made with Transformer-based models including BERT [18] (Bidirectional Encoder Representations from Transformers). Transformers apply parallel attention algorithms to quantify when each word in a sentence is more or less important, compared to others; thus, producing a better determination of context and meaning (Devlin et al., 2019). This thesis focuses on the ways that Transformer models led to the increase of SA and the extension of its spheres of application, including the analysis of irony and sarcasm. 
 However, sentiment analysis is not without its problems and that includes assessing humor, sarcasm, and other forms of indirect communication. Such details are usually related to culture and context that the cutting-edge models may not take into account adequately (Bollen et al., 2011). This thesis aims to investigate how the integration of RNNs with Transformer-based models such as BERT can improve sentiment analysis and solve these problems. 
This thesis analyzes how sentiment analysis is performed considering the multimodal data. Regarding sentiment analysis, it is more appropriate to integrate text with other media such as images and videos. The consideration of semiotic dimensions and analysis of sentiment across various modalities begins when social media gradually becomes multimedia. It is thus the purpose of this research to make an input in this line of research by establishing how multimodal sentiment analysis can be used to augment the understanding of more intricate social media posts. 
 In summary, this thesis focuses on the development of sentiment analysis, the involvement of deep learning and Transformer-based models, and existing issues and progress. Hence, the research would like to advance the existing knowledge on sentiment analysis and its usefulness, regarding the attitude of the public, in the era of social media.
[bookmark: _Toc175748598]1.2 Problem Statement: 
Sentiment analysis has emerged to be crucial since organizations want to make correct decisions based on data from social media. Therefore, even today, it is rather difficult to scrutinize textual data properly for sentiment analysis even though the world has witnessed gigantic strides in the field of natural language processing (NLP) and machine learning. The first and simple approaches to text sentiment classification involved rule-based systems and dictionaries that were prone to such shortcomings as inapplicability of the context and coming across humor or sarcasm (Pang & Lee, 2008). Though, using machine learning techniques expanded these systems by learning from data patterns; they had drawbacks of managing different forms of sentiments in multiple languages and contexts (Manning et al., 2008). 
The deep learning models, especially Recurrent Neural Networks (RNNs), have offered some increase in flexibility against sequential data and context (Sutskever et al., 2014). However, these models have not captured the subtleties of sentiment, especially in the informal and dynamic text as is common in social media. Later with the emergence of better models like BERT based on the Transformer architecture, the problem of sentiment analysis received additional progress thanks to self-attention mechanisms to learn the context of the text (Devlin et al., 2019). However, even today’s models are not capable of effectively identifying jokes or irony – that is, other forms of indirect communication (Bollen et al., 2011).
Furthermore, multi-modal data – that involves text along with images and/or videos – is an area of high potential but still unexplored for improving sentiment analysis Analyzing sentiment in different modalities might provide a more accurate perception of the population mood but it is a daunting task at the same time. Hence, although sentiment analysis has improved with deep learning and Transformer models, more must be done to tackle the issues regarding the context and the incorporation of other modalities (Zhou et al., 2023). 
[bookmark: _Toc175748599]1.3 Aims and Objectives: 
[bookmark: _Toc175748600] Aim of the study:
The primary aim of this research is to enhance the accuracy and efficiency of sentiment analysis models by utilizing a hybrid approach that combines the strengths of Recurrent Neural Networks (RNNs) and Transformers. This approach is expected to overcome the limitations of current sentiment analysis tools, particularly in detecting complex emotional nuances and performing in multilingual contexts. The research will contribute to the development of more sophisticated, culturally sensitive sentiment analysis technologies.



Objectives:
1. To develop a mixed machine learning model that integrates the sequential data handling capabilities of RNNs with the contextual awareness of Transformers to enhance mood detection accuracy.
2. To evaluate the effectiveness of the proposed model in interpreting complex emotional expressions and context-dependent meanings in text data.
3. To carry out a thorough literature search to reveal the weaknesses of current approaches and tools for sentiment analysis with emphasis on cross-cultural and complicated emotional expressions. 
4. To develop a strategic perspective that would encompass research inquiry to accumulate pertinent text data and their preprocessing for method construction and assessment to the proposed model. 

[bookmark: _Toc172926180][bookmark: _Toc175748601] 1.4 Scope and Boundaries
This research exclusively examines English reviews and tweets. A key aim is creating a model system for new languages and data kinds. Get data, train and test the model, and compare it to other mood models.
[bookmark: _Toc172926181][bookmark: _Toc175748602]1.5 Research Questions and Hypotheses
This work aims to improve mood analysis models' accuracy and context sensitivity using mixed machine learning. This research hypothesizes that a model using RNNs and Transformers would be more accurate and recognize complicated mood expressions in diverse datasets than standard models.
1. How effective are mixed machine learning models, particularly those combining Recurrent Neural Networks (RNNs) and Transformers, in improving the accuracy and context sensitivity of mood analysis?
1. Can these advanced models accurately detect and differentiate between subtle emotional cues such as humor and irony, which have traditionally been challenging for sentiment analysis algorithms?
1. What are the limitations in current sentiment analysis models in handling multilingual data and how can mixed models address these challenges?
1. How does the integration of RNNs and Transformers affect the processing speed and real-time analysis capabilities of sentiment analysis tools?








[bookmark: _Toc175748603]Chapter 2
[bookmark: _Toc175748604]Literature Review
[bookmark: _Toc175748605]Initial Research on Tools and Technologies in Sentiment Analysis
Investigation of literature about already existing tools, technologies, and methodologies used for sentiment analysis formed the first step of this study phase. Whereas sentiment analysis is one of the subfields of NLP, its development has been especially influenced by the help of machine learning approaches. Technology’s initial manifestations included the lexicons approach where positive and negative freely available lists of words were used in analyzing sentiment (Taboada et al., 2011).  However, these methods started lacking forms in the proper determination of context-sensitivity and human emotions. Later with the development of machine learning, new and more advanced models such as Support Vector Machines (SVM) or Naive Bayes gave higher results in the sphere of sentiment classification (Pang, Lee, 2008). Certainly, in the last few years, new deep learning models like Recurrent Neural Networks (RNNs) and Transformers and their variations have appeared to improve accuracy in sentiment analysis by being able to manage sequential and contextual information with greater efficiency as pointed out by Vaswani et al. (2017). This preliminary work has shed light on the strengths and weaknesses of these approaches, setting the foundation on how to construct a new model that combines the sequential processing ability of the RNNs and the context awareness of the Transformers to address the existing issues in sentiment analysis.
[bookmark: _Toc172926182][bookmark: _Toc175748606]Overview of Sentiment Analysis
[image: ]According to Werlen (2019), it reads writing to learn what individuals think, feel, say, believe, and feel. Also termed mood analysis. Social media lets a firm instantly know what people think about its names, goods, and services. Companies enhance advertisements, customer service, and goods this way. Rules were the beginning of mood analysis. 
                               Figure 1 Tweets dataset using Twitter API

In the early 2000s, it gained popularity. Machine learning has made certain writing tougher for machines to interpret. This altered mood analysis. The SVM was one of the earliest linear models used in machine learning. It was Naive Bayes. Natural language processing (NLP) studies word formation and meaning. This improved mood research. New neural networks include convolutional and recurrent. These were enabled via deep learning (Zhou et al., 2023)
[bookmark: _Toc175748607]Case study Examples: 
Many big firms have used sentiment analysis to improve their performance. For instance, Microsoft harnesses sentiment analysis for monitoring public perception towards the company’s products, or specifically new releases and incremental patches, which would help the company to attend to its customers’ feedback immediately. (Kaplan & Haenlein, 2010) Likewise, Amazon also uses sentiment analysis to observe their customer's feedback as they seek to detect any problems with the products to satisfy the customers. The above-discussed cases show live examples of how sentiment analysis is used or helpful to be in tune with public sentiments and how helpful it is in making business decisions. (Pang & Lee, 2008) Another company that makes use of Sentiment analysis is Netflix to improve the satisfaction of users and the provision of content. Through analyzing the feedback of the viewers and discussion about particular series or movies on social platforms, Netflix can identify the trends among them and their reactions to the content. It also enables Netflix to customize the recommendations and to enhance user interaction as well as inform content development in the future. Likewise, at Coca-Cola, sentiment analysis is used to track the existence of the brand on social media assess the effectiveness of marketing strategies; and in case of negative sentiment, to ballistically respond appropriately. These implementation examples are evidence that measure based on sentiment analysis is not a reactive approach but at the same time one of the proactive instruments of brand management oriented on the support of loyal customers and business development. (Buhari Bello et al., 2024)

[bookmark: _4d34og8][bookmark: _Toc172926183][bookmark: _Toc175748608]Theoretical Foundations
Language and psychology are used to assess emotions. People have varied opinions about how words affect our emotions and thoughts. Some language-related ideas examine how words and phrases impact emotions. Understanding things while conversing is crucial. NLP uses linguistic patterns and other text cues (Lindquist et al., 2015). Ekman and Plutchik's concepts about emotions help us classify feelings as good or negative. 
Many believe communication theory and semiotics are crucial to mood research (Six Seconds, 2024) Shen and Weaver modeled message transmission and noise detection. This discipline studies signs and language. It reveals how people think and interpret. These theories make understanding human emotions simpler and more likely for computers to do it properly (Al-Fedaghi, 2012)
[bookmark: _2s8eyo1][bookmark: _Toc172926184][bookmark: _Toc175748609][image: ]Machine Learning Techniques in Sentiment Analysis

                                            Figure 2 Sentiment Analysis 
According to Assiroj (2023), help out Previously, Naive Bayes, SVM, and logistic regression could analyze emotions. They can organize big files and organize text using patterns. Many enjoy Naive Bayes since it's fast and simple. However, logistic regression provides each group a chance. It might be difficult to distinguish amongst several options. Here, SVM works well. More individuals have used and examined these models, making them better. They appear more real and work better on PCs.
[bookmark: _17dp8vu][bookmark: _Toc172926185][bookmark: _Toc175748610]Unsupervised and Semi-supervised Learning Approaches
[image: ]
                          Figure 3 Analytics and Machine Learning 

[bookmark: _3rdcrjn]Link rules in text data may reveal existing tendencies. Grouping is another method. Because of this, they can handle huge data. When learning with supervision, marked and structured data are combined. Utilize this social media data. It's hard to know whether thinking groups are proper and follow the guidelines. (Zhou et al., 2023)

[bookmark: _Toc172926186][bookmark: _Toc175748611][image: ]Deep Learning Innovations
                  
                          Figure 4 Deep learning and Machine learning 

According to Zhou (2023),  deep learning models like RNNs, CNNs, and transformers have improved mood research. CNNs find patterns in scattered data, whereas RNNs interpret strings of data. Transformers may assist teenagers in understanding sentence word importance. This explains how the environment affects our emotions and how meaning may be difficult. They aid difficult mood analysis tasks when combined into mixed models.
[bookmark: _26in1rg][bookmark: _Toc172926187][bookmark: _Toc175748612]Challenges in Sentiment Analysis
To comprehend snark and irony, sentiment analysis reads backward from speech. Old tools typically misclassify these linguistic techniques. This linked outside hints and multimedia material. Deep learning models using non-linguistic clues may assist  (Farias and Rosso, 2017). Multilingual mood analysis is difficult since each language has its own culture, writing norms, and terminology. Scientists have attempted to learn many languages simultaneously. These include XLM-R and bidirectional BERT. Real-time mood analysis can monitor social media and customer service behavior. New technologies include streaming data platforms, lightweight neural networks, slow learning systems, cloud-based frameworks, and improving machine learning models. Due to these difficult issues, mood researchers detect many changes fast. Every new approach has pros and cons (Islam and Zhang, 2024)
[bookmark: _lnxbz9][bookmark: _Toc172926188][bookmark: _Toc175748613]Applications of Sentiment Analysis in Business
According to Shiri (2012), the study of public opinion, business, and politics may benefit from mood analysis. It tracks what people say and feels about a brand. Find new social trends and predict stock market movements using it. Case studies reveal that it strongly influences corporate choices. JetBlue employs mood research to keep consumers pleased and coming back. Amazon's products and messaging show it cares about your mood. Many fields are using mood analysis to design strategies and effect real-world improvements. Many new technologies and approaches improve mood analysis. Mood analysis has been extensively studied for its ability to extract relevant data from vast datasets (Wassan et al., 2021).
[bookmark: _35nkun2][bookmark: _Toc172926189][bookmark: _Toc175748614]Methodological Issues
Data must be collected and prepared for sentiment analysis to be accurate and meaningful. This site uses internet reviews, blogs, and groups. Before usage, it is cleaned, normalized, tokenized, and branched. Planning is important since slang, style, and language are unorganized. Researchers that investigate mood employ biased training data, biased data collection, and limited sample sizes that don't reflect the community (Šimundić, 2019)  Unfair vote counts upset people more since the outcomes might affect certain groups more than others. Adversarial training is being explored to discover and eliminate prejudice to tackle these difficulties. Correct and unique situations are needed to improve mood-detecting systems. Many have written on these scientific themes and solved fairness, bias, data gathering, and data processing challenges (Pagano et al., 2023)
[bookmark: _1ksv4uv][bookmark: _Toc172926190][bookmark: _Toc175748615]Recent Developments and Future Trends
According to Qin and Wang ( 2011), self-learning and quicker computers have advanced mood research. This makes the study quicker and better. CNNs, RNNs, and transformers that grasp natural language data's semantic meaning and context have been used for mood analysis. Strong GPUs and cloud computing technologies make high-performance computing easier for everyone. That allows more individuals to utilize complex models. New sentiment analysis concepts include using it in robotics and decision-making processes, adding visible data, and doing real-time analysis. This tendency may lead to view-based decision-making. Field writing indicates it's busy and changes fast. Several authors have discussed its scientific and practical benefits (Bello et al., 2024)

[bookmark: _Toc175748616]Introduction to Sentiment Analysis 
 Opinion mining which can also be termed as sentiment analysis is the process of identifying the emotion conveyed by a piece of text. This is very important because it helps to discern the attitudes of the population, clients’ feedback, and trends in social networks. Based on the type of studies, sentiment analysis is applicable in the fields of marketing, politics, finances, and healthcare. For example, organizations employ sentiment analysis to determine customer satisfaction levels and enhance products, politicians use it to analyze people’s attitudes to specific policies and events (Pang and Lee, 2008).
 
[bookmark: _Toc175748617]Social Media Data Characteristics  
Some of the features of SMM include: SMM involves interaction since the majority of the content is user-generated and this mainly comprises text, it is diverse and noisy containing unstructured data. Indeed, such samples are abundant in opinions, yet, at the same time, viewing this as one of the strengths of this data is rather a disadvantage since working with this type of data entails numerous heuristic challenges, including language informal languages such as slang, brief abbreviations, as well as several non-targeted comments and remarks. To manage, as well as analyze this data appropriately, there is a need to employ proper pre-processing tools that are used to clean and normalize the text data (Manning et al., 2008). 
[bookmark: _Toc175748618] A Review on Techniques used in Sentiment Analysis based on Machine Learning 
 It is clear that in the case of sentiment analysis, several machine learning approaches have been applied, which can be generally divided into supervised and unsupervised learning. In the context of sentiment analysis, machine learning algorithms were found to be very important and can be grouped into two namely, supervised and unsupervised. While using supervised learning algorithms to classify text data, methods like Naive Bayes, SVM, and deep learning algorithms like RNNs and LSTM are used for classification using prior labeled data. Such models work under the premise that annotated datasets are used to train and determine the generalized pattern of textual features about sentiment labels to estimate ‘Black Swan’ data (Pang and Lee, 2008). On the other hand, clustering techniques together with topic modeling do not need any labeled data for the training process. Thus, they find out how similar instances are grouped or the most general topics are found within the given data set (Manning et al., 2008).  The advances also introduced transformer-based models, like BERT and GPT, which utilize the pretraining on great amounts of text data and thus improve the understanding of the contextual subtleties and increase the effectiveness of the sentiment classification (Devlin et al., 2019).  These techniques combined make it possible to gain finer sentiment analysis based on different and complicated text inputs and at the same time serve different tasks that sentiment analysis poses.
[bookmark: _Toc175748619]Traditional Machine Learning Models 
 Naive Bayes: As shown in, Naive Bayes classifiers are applied often in sentiment analysis because of their simplicity and effectiveness, especially in text categorization. They involve competitions of Bayes’ theorem with the pre-condition of feature independence and therefore are computationally less intensive and easier to perform. Hence this approach is more useful especially when working with big vocabularies and feature sparsity, which is common with texts (Pang and Lee, 2008).
Support Vector Machines (SVM): SVMs perform very well with a large number of features and therefore can be used with text data since feature vectors can be very large. 
· In other words, SVMs form hyperplanes in a high dimensional space and separate the classes with the maximal margin to provide highly accurate value regardless of the complexity (Manning et al., 2008).
 Decision Trees: 
· Decision Trees are easy to construct and understand, this explains why they are preferred over other classification methods. They operate by successively partitioning the data according to the feature values to generate a tree of decisions. 
· It is good for the analysis of the decision-making process however exposed to overfitting and is not very efficient when dealing with a large number of features as compared to other models. 

[bookmark: _Toc175748620] Deep Learning Models 
 Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) Networks: 
· RNNs are the models which work with sequential data, therefore, the task of text analysis where context and order are essential is perfect for RNNs.
·  Therefore, when it comes to learning context and sequence in the text, LSTMs that are inherent in RNNs reduce the vanishing gradient problem in the language model. 
 Convolutional Neural Networks (CNNs): 
· CNNs also have proven useful in text classification despite them initially being designed to work with images. 
· Through the convolutional layers, CNNs can extract local features and patterns of the text such as phrases and syntax of the sentences which would help in sentiment analysis (Lawrence et al., 2019).
 Transformers and Pre-trained Models 
 BERT (Bidirectional Encoder Representations from Transformers): 
· When it comes to NLP tasks, BERT has brought bidirectional context into play which has transformed the unrealized endeavors. 
· In contrast to the previous models, BERT reads the text bidirectionally and improves understanding of contexts and references in it. This bidirectional approach has been proven to be very effective in most of the tasks of NLP (Devlin et al., 2019).
 GPT (Generative Pre-trained Transformer): 
· Due to its generative nature, GPT can write good, grammatically correct, and contextually correct text from a prompt. 
· Being able to generate and infer text, it is especially suitable for use in tasks that include response generation or filling in blanks. 
 Roberta: 
· Like BERT, RoBERTa improves on the previous models by refining the pre-training and eliminating certain types of training restrictions.
·  This model also increases the efficiency of sentiment analysis because it enhances the representation and comprehension of the textual context (Devlin et al., 2019). 
 
Feature Extraction and Representation 
· Bag of Words (BoW): In the BoW model, the text is modeled as a bag of words where the order of the words and even their word's context are not taken into consideration.
·  Based on the input text, each word is considered a feature, where its existence and/or frequency are utilized to construct the feature vectors. Although such transformation is quite basic, it easily results in high-dimensional data and completely overlooks the semantic co-occurrence of words. 
 TF-IDF (Term Frequency-Inverse Document Frequency): 
· TF-IDF modifies the value of words by their frequency within the document and the ID of the word which stands for the number of times it occurs in the entire collection.
·  This contributes primarily to the task of emphasizing the key terms and diminishing the impact of the numerous frequently used terms that do not contribute much to the given task by enhancing the quality of features. 
 Word Embeddings:
· For example, Word2Vec and GloVe are word embedding techniques, which map the words into the continuous vector space, in which similar words are located closely to each other. 
· This makes the model capable of grasping semantic relation and meaning more than that of the BoW approach. 


 Sentence Embeddings: 
· As it follows from the name, sentence embeddings are the generalization of Word2Vec to the whole sentences and it provides the vectorized representation of the sentence semantically
· . This approach is beneficial for those tasks in which the position of a certain word in a sentence matters. 
 Evaluation Metrics 
 Accuracy: Accuracy relates to the number of correctly classified instances to all the instances available. In terms of advantages, it gives a simple measure of the ability of the whole model but it may not give a good picture if there is a problem of imbalance of classes. 
 Precision, Recall, and F1-score: 
· Well, Precision checks how accurate or correct the positive predictions made were while Recall tests the ability to get all the instances of an issue. 
· The F1-score is created from these two measures that provide an integrated evaluation of the model’s performance, particularly when dealing with the case of an unequal distribution of classes. 
 ROC Curves: 
· Receiver Operating Characteristic (ROC) curves are the graphical manner of displaying the sensitivity and specificity of the binary classifiers by a curve depicting the true positive rate against the false positive rate for different threshold levels. The AUC is used as a basis for estimating the performance of the obtained model in terms of the ability to separate classes. 
· Altogether, these methods and metrics improve the efficiency and credibility of sentiment analysis models, which increases the degree of big social media data comprehension.
Challenges and Limitations of Sentiment Analysis 
 Sarcasm and Irony Detection: This is still quite a problem especially since sarcasm and irony which are forms of irony are usually culture-sensitive. Indeed, the conventional approaches to polarity detection fail to provide substantial interpretations of such talk. 
 Handling Context and Ambiguity: Another reason for the weakness of the models is sentences can often get their meaty meaning from the environment in which they are used which makes it problematic for a model to estimate the sentiment of a sentence without the information from its background. 
 Data Imbalance: In sentiment analysis, for instance, datasets tend to be imbalanced in one given class as compared to others, the three for instance being positive, negative, and neutral. It is possible that due to this imbalance, model training can be skewed and there can be a poor performance on the less represented classes. 
 Recent Advances and Trends 
 Recent advancements in sentiment analysis have focused on leveraging advanced machine learning techniques like: 
 Transformers and Integrated Models: Integrated Transformers, as well as their various counterparts, Transformers, too, can capture the intricate linguistic properties, as well as contextual peculiarities without much difficulty (Zhou et al., 2023).
 Case Studies and Applications 
 Sentiment analysis finds application across various domains:  
 Business: Taking advantage of the customer’s feelings about the products and services based on sentiment analysis. 
 Politics: More so it will help in knowing the opinion of the public on some specific policies and the candidates through the elections to help in its campaigns and formation of better policies.
 Healthcare: Surveying patients’ attitudes toward the recommended treatments and the healthcare providers, and likely enhancing patient care depending on the received feedback (Bollen et al., 2011).
 Ethical Considerations 
 Ethical concerns in sentiment analysis include:  
 Privacy Concerns: Protecting the user’s identity as much as possible and observing good data processing practices. 
 Bias and Fairness: Mitigating the human bias within the text to avoid the sentiment analysis to give different outcomes for different genders, ages, etc (Šimundić, 2019).  
 

Comparative Analysis 
 Comparing different machine learning approaches helps in understanding their strengths and limitations: 
 Traditional vs. Deep Learning Models: Traditional models might indeed be less complex, but then, they also have a poor capacity to capture relatively detailed emotions compared to the deep learning models, which though are more complex and require more computing power. 
 Transformers vs. RNNs: Transformers are better in terms of handling long-range distance and its context while Recurrent Neural Networks (RNNs) are better suited for sequential data but may fail on long texts and context.
[bookmark: _44sinio][bookmark: _Toc172926191][bookmark: _Toc175747226][bookmark: _Toc175748621]Gaps in Current Research
Although sentiment analysis has advanced, we still don't grasp mixed views and cross-cultural sentiment analysis. Models struggle to gather conflicting emotions right now. This shows that algorithms must be tougher. These tools only operate in English, making them difficult to utilize worldwide. Another area for investigation is combining mood analysis with AR and VR. This may reveal how individuals feel and behave (Wu, 2023)


[bookmark: _Toc175748622]Conclusion:
The present literature review has helped to establish an understanding of the current approaches used for sentiment analysis, the changes that have occurred in the use of methodologies, and the challenges still present in the current world. Initial treatments of sentiment analysis include lexicon-based methods and early machine learning models that have provided the basis for later advancements in the field but suffer from an inability to dissect the data at the level necessary for capturing the true sentiment of an individual, that is, with the correct recognition of emotiveness and sentiment dependency on context and other circumstances that can be characteristic for a particular person. The availability of dense learning models including RNNs and Transformers has enhanced the efficiency of handling sequential and contextual data with enhanced and accurate sentiment detection as compared to other simpler models. Despite that, we still face certain difficulties, that are increasing in the multilingual environment and the cases of ambiguous emotions identification. The review has also revealed the following gaps in literature; the need for models with higher accuracy than what is currently available, culturally appropriate models for minority ethnicities as well as models that could be easily implemented in real settings. This research therefore seeks to fill these gaps by creating a new model that blends the positive attributes of RNN technology and those of the new technology of Transformers to the field of Sentiment analysis technologies.


[bookmark: _Toc175748623]Chapter 3
[bookmark: _Toc175748624]Methodology
[bookmark: _Toc175748625]Introduction to Methodology: 
In this chapter, we review the methodologies used to examine sentiment analysis in the context of social media monitoring with the application of machine learning methodologies. As the amount of text data generated by social media platforms continues to grow and the nature of text becomes more complex, analysis of such data requires very advanced methodological approaches. This chapter provides the details of machine learning categories and methods important for sentiment analysis conventional and modern. This concerns the Naive Bayes, The Support Vector Machines (SVM), and Decision Trees which are the initial models used in sentiment classification tasks. Next, the more complex Deep learning models like the Recurrent Neural Networks (RNNs) and Long Short Term Memory (LSTM) networks are discussed because of their superiority while dealing with sequential data and context awareness. Also, the chapter deals with the effects of other Transformer-based models, for example; BERT and GPT which have gone a long way in enhancing the capabilities of the language models due to the ability to capture fine-grained syntactic-semantic features and contextual dependencies. We also provide the basic information about feature extraction and representation including the simple BoW, TF-IDF, and Word Embeddings. The measures of evaluating the performance of the model are being described followed by the problem understanding of sentiment analysis including issues such as sarcasm, ambiguity, and class imbalance. The most current information is given in this section with emphasis on contemporary developments and trends as information would still be coming in. In this respect, by discussing the above-said methodologies and the related works in the context of the classification of sentiment analysis, this chapter intends to present an overview and lay the foundation for further analysis and discussion.
[bookmark: _Toc175747227][bookmark: _Toc175748626]Practical Implementation Work Evaluation
[bookmark: _Toc175747228][bookmark: _Toc175748627]The analysis of the proposed hybrid sentiment analysis model on real-life application scenarios will be done by applying this model to the target scenario. For this evaluation, it will be necessary to measure the scalability, accuracy, usability, and effectiveness of the model. Scalability will also be trialed by running the model on large datasets to determine the model’s aptitude for capably handling large real-time data. Performance evaluation will involve comparing the output of the model in sentiment classification with other models especially in a multilingual and real-world context. Usability will be determined by testing the model in an existing sentiment analysis system, determining how well it can be integrated, and how easy it is for end-users to work with. ERS performance parameters like the time required for execution and usage of resources will also be evaluated to check the applicability of the model for real-time conditions. This shall entail a comprehensive assessment of the productivity of the model in real-life situations and also some of the shortcomings that may be observed to fine-tune the model adequately.

[bookmark: _z337ya][bookmark: _Toc172926192][bookmark: _Toc175748628]Data Collection for Sentiment Analysis
The Twitter dataset is ideal for constructing and testing sentiment analysis models for social media data. Details about the dataset and selection criteria are below: The Twitter collection of 1.6 million Twitter tweets is ideal for studying social media sentiment. Tweets are brief messages with hashtags, comments, and links. These represent current attitudes on certain subjects. This dataset contains many emotions, so computers may learn to interpret and categorize brief text emotional reactions (Gesi & Ahmed, 2024)

Dataset:
The data set used in this study is obtained from the Twitter corpus that specifically targets emotion in the micro-blogging site, Twitter. In this particular dataset, we have the use of emojis as indications of emotional status which is typical in procedures such as sentiment analysis that uses these figures to indicate emotion. The dataset is elaborated in such a way that for each tweet, there are several fields like the tweet number, the sentiment orientation where 0 is for negative tweets, 2 is for neutral tweets, and 4 is for positive tweets, the date of the tweet, and the content of the tweet. That is why this organization helps to trace the changes in sentiments with time. It is in CSV format, so it well fits with data processing and machine learning toolkits, which makes the dataset very friendly for usage. (Giner-Miguelez, Gómez & Cabot, 2022).
                           









 Flowchart
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Figure 5: Flowchart


[bookmark: _Toc175748629]Design and Planning in Flowchart:
When coming up with the plan and steps in designing this research, the following steps were followed to properly carry out sentiment analysis with the Twitter dataset. The first of these was the accumulation and pre-processing of the dataset, which comprised the extraction of tweets and related fields; these fields included Tweet ID, the sentiment orientation ranging between 0, which reflected negativity, 2 for neutrality, and 4 for positivity; the date and the content of the tweets. After this, there was the process of data preprocessing, which encompasses the cleaning of data by removing noise, the processing of missing values, and textual standardization of the data such as converting emojis to textual equivalents. The next phase is feature extraction where features that are relevant and would help in modeling include sentiment orientation, emojis used, and number of words. Next, the selection of models occurred where depending on the ability of models like RNNs, Transformers, or even a combination of both, to deal with sequential and contextual data, the features were defined. Then, during the model training stage, the parameters of the chosen models were tuned when they were trained on the prepared dataset. Last, of all, the procedure involved a model assessment step to ensure that the effectiveness of the models proposed was properly evaluated in terms of their ability to correctly classify sentiment with a specific focus on multilingual and contextual data.

[bookmark: _Toc175748630]Dataset Description:
· Content: Emojis in Twitter tweets have been used to identify emotions. This is a normal procedure that uses these symbols' emotional signals. The names are categorized as excellent, bad, and neutral.
· Fields Included: The collection has a row for each tweet. Its ID, orientation (0 = negative, 2 = neutral, 4 = positive), date, and tweet content are listed. Experts can track how sentiments evolve with this method.
· Usability: CSV format makes the dataset straightforward to utilize with data processing and machine learning tools. Researchers and developers may train mood analysis machine learning models and test algorithmic techniques using this dataset (Giner-Miguelez, Gómez & Cabot, 2022) 


[bookmark: _Toc175748631]Criteria for Data Selection:
· Relevance: Since Twitter is where people discuss daily happenings, the dataset's majority of Twitter data makes it relevant.
· Volume and Variety: At 1.6 million tweets, the collection contains enough data to build robust algorithms. Because Twitter has global users, the dataset is diverse. This ensures that models based on this data function effectively with many themes and groups.
· Preprocessing and Labeling: A novel mood analysis method uses emoji labels for training data. Using unclear emojis may add noise, but also makes it more realistic for models to interpret complicated human moods.
This dataset helps us create mood analysis algorithms and raises fascinating problems regarding textual emotion reading and grouping. Twitter is valuable for academic research and real-world mood analysis because of its organization and labeling (Werlen, Imhof, Benites & Bergamin, 2019) 
[bookmark: _3j2qqm3][bookmark: _Toc172926193][bookmark: _Toc175748632]Machine Learning Models for Sentiment Analysis
In the Twitter mood analysis project, many machine learning models excel in text analysis and natural language processing. We want to learn more about CNNs, RNNs, and maybe newer designs like Transformers to construct models.
Convolutional Neural Networks (CNNs)
CNNs were originally designed for pictures, but they can detect organized patterns in data, making them useful for natural language processing. CNNs can detect local patterns in phrases or mood-evoking words. This aids sentiment analysis. CNN segments learn to recognize these tendencies, which typically indicate how people feel, without reading the full queue.CNNs are fast and effective, particularly on Twitter, which has short tweets (Chauhan, Ghanshala & Joshi, 2018). 
Recurrent Neural Networks (RNNs)
RNNs excel at sequential data tasks like text reading. RNNs can capture text context from start to finish, unlike CNNs. This helps determine how individuals feel when a conversation's flow or phrase structure changes. RNNs called extended Short-Term Memory (LSTM) networks can retain or forget information via gates and handle extended associations, making them better at detecting language and emotion across a string of words (Amadi, Odii, Christopher & Okpalla, 2023) 
Transformers and BERT
Language context handling has improved greatly with the Transformer paradigm, notably in BERT. Attention compares word power, making it easier for BERT models to recognize context and linguistic intricacies.BERT automatically analyses a phrase or tweet string to determine sentiment. This is far better than prior versions that merely examine words or sentences (Chauhan, Ghanshala & Joshi, 2018) 
Planned Approach
These models will be tested against Twitter to begin the project. How effectively and rapidly CNNs can extract sentiment from brief letters will be examined. How effectively RNNs, particularly LSTMs, interpret context in longer sequences will be tested. These sequences might be made from tweets or lengthier user comments (Daniel & Austen, 2023). To better decode complicated mood expressions, we will utilize Transformer-based models or hybrid models that combine CNN and RNN features after testing. To accommodate Twitter lingo, acronyms, and informal speech, these models may be adjusted or updated. By studying these models, we intend to create a powerful mood analysis tool that can accurately and insightfully predict public opinion and be valuable in market research and political analysis (Amadi, Odii, Christopher & Okpalla, 2023) 
[bookmark: _1y810tw][bookmark: _Toc172926194][bookmark: _Toc175748633]Expected Types of Analysis for Model Performance
To ensure mood analysis machine learning models operate effectively on both taught and untaught data, accuracy and stability must be tested. The following approaches will be used to verify Twitter dataset models:
[bookmark: _4i7ojhp][bookmark: _Toc172926195][bookmark: _Toc175748634]Validation Techniques for Sentiment Analysis Models
This approach divides the dataset into test, training, and validation sets. The training set instructs the model, the validation set examines hyperparameters and suggests model adjustments and the test set evaluates performance. This helps determine how the model will behave in real life and prevents overfitting (Li, 2024) 
Splitting Data: Train, Validation, and Test Sets
When data is few, cross-validation is a powerful tool for verifying findings. In k-fold cross-validation, data is divided into "k" folds. Next, the model is trained on 'k-1' folds and tested on the final fold. This procedure is repeated, so each fold is tested once. All data may be utilized for training and testing using this strategy. This maximizes data usage and provides a complete view of model performance (Pagano et al., 2023)



K-Fold Cross-Validation
The model's performance on test data will be assessed using an uncertainty matrix. It helps determine the accuracy of the entire thing and the intricacies of false positives, false negatives, true positives, and true negatives. Precision, recall, F1-score, and accuracy from the confusion matrix reveal model performance. Getting mood analysis wrong may cost a lot of money, so be explicit and remember everything (Chamorro-Atalaya et al., 2023)
Confusion Matrix and Performance Metrics
· Set up SoftMax neural networks or logistic regression at various times to test their performance. ROC curves modify cutoff values to demonstrate how true and bogus positives are related. Each level is evaluated using AUC to determine model performance (Yang & Berdine, 2017) 
Receiver Operating Characteristic (ROC) Curve and Area Under the Curve (AUC)
· All model work must be validated in real life. A feedback loop might compare real-world occurrences with model findings for a long period. This is crucial on social media, where thoughts and phrases shift swiftly (D. Srihith et al., 2022).
[bookmark: _2xcytpi][bookmark: _Toc172926196][bookmark: _Toc175748635]Ethical Considerations in Sentiment Analysis
Ethics matter when building machine learning models to detect mood, particularly those using social media data. Data usage and privacy present moral issues.
Privacy and Anonymity
· Respect people's privacy while using social media. Before analysis, data is anonymized to remove personally identifying information.
·  Even if data is public, consider the ramifications of utilizing it in ways the original users may not have considered. Ethics require that model training data not divulge private information or identify persons without their consent (Gesi & Ahmed, 2024) [20]
Informed Consent
· Social media users should respect others' privacy. Before being "anonymized," or cleaned up, data has no personal information
· . Think about what may happen if anybody can obtain data and utilize it in ways the savers didn't intend. Ethics prohibit disclosing people's identities or sensitive information in model training data without consent 
Bias and Fairness
· Sometimes everyone agrees. Social media users don't expect their data will be utilized for jobs or education.
· If the platform's data usage and terms of service allow it, you may utilize datasets. Ask individuals whether you want to utilize their information to determine their mood (Pagano et al., 2023)[17]
Transparency and Accountability
· To trust mood analysis models, the public must understand how they are formed, what data they use, and how they make choices. 
· Using these tools requires understanding how and why decisions are made. Coders and model-using companies should also be held accountable for their outputs, particularly when they have major impacts on individuals or groups (Chauhan, Ghanshala & Joshi, 2018). 
Data Security
· It's appropriate to protect mood analysis data. This involves protecting data from unauthorized access and ensuring that its storage and processing comply with EU data protection laws like the GDPR.
Reliability:
 One of the key elements of reliability is standardization. Ensuring that all the questionnaires are standardized so that the tests can be automatable and the same for each participant. Standardization should also apply to any tests that I conduct, that is, the tests must always be carried out in the same manner and be replicable to obtain quality data. Another advantage of putting into practice these guidelines was minimizing errors that could occur from variations in the methods used in administering any questionnaires as well as tests. • Another reliable technique is also to engage in pilot testing. The pilot tests will feed into identifying weaknesses or inconsistencies in the laid down research methods that may be corrected before the actual research and questionnaires are conducted.
Generalizability:
 To make generalizations I shall make sure that I get a sample from my target group of population. For a facial recognition security doorbell, this demographic will be anyone moving out age up to the age of approximately 65. Older than 80 years; male or female. Because I want the most general results possible, I will make sure there is a split of people of this age, and the genders as well. By targeting as many users as possible within the target demographic in which I will conduct my research, I will also enhance generalization. • They also intend to run tests on the various devices that the application is designed for, hence any results of the testing done are usable across devices.





[bookmark: _Toc175748636]Chapter 4 – DESIGN AND IMPLIMENTATION
[bookmark: _Toc175748637]4.1. DESIGN
[bookmark: _Toc175748638]4.1.1. Dataset
The dataset used in this project consists of tweets labeled with sentiments, such as positive, negative, or neutral. The dataset is stored in a CSV file, with two primary columns: text, which contains the tweet content, and sentiment, which represents the sentiment label. This dataset is the foundation for training the model and needs to be preprocessed to handle the variability and noise inherent in social media text.
[bookmark: _Toc175748639]4.1.2. Data Preprocessing
Data preprocessing involves cleaning the text data to remove noise and standardize it for analysis. The steps include removing URLs, mentions, hashtags, and special characters, as well as converting the text to lowercase. These transformations are crucial for ensuring that the text data is uniform and that the model can effectively learn from the data without being distracted by irrelevant or redundant information.
[bookmark: _Toc175748640]4.1.3. Model Architecture
The model architecture is based on a Convolutional Neural Network (CNN) designed for text classification. This architecture includes an Embedding layer to convert words into dense vectors, a Conv1D layer to capture local patterns in the text, and a GlobalMaxPooling1D layer to reduce the dimensionality of the data while retaining important features. Finally, dense layers are added to perform the classification, with a softmax output layer for multi-class sentiment prediction.

[bookmark: _Toc175748641]4.1.4. Model Building
The CNN model is built using Keras, with layers sequentially added to form the architecture. The model starts with an Embedding layer, followed by a Conv1D layer to extract features from the sequences, and a GlobalMaxPooling1D layer to pool the features. A Dense layer with ReLU activation is used for further processing, followed by a final Dense layer with softmax activation to output probabilities for each sentiment class.
[bookmark: _Toc175748642]4.1.5. Train the Model
The model is trained on the preprocessed tweet data, with the target sentiment labels encoded into categorical format. The training process involves feeding the tokenized and padded sequences into the model, adjusting the weights using the Adam optimizer, and minimizing the categorical cross-entropy loss. The model is trained over several epochs with a validation split to monitor performance and prevent overfitting.
[bookmark: _Toc175748643]4.1.6. Evaluation
The evaluation phase assesses the model's performance on the test dataset. Accuracy is calculated to measure the overall correctness of the model's predictions. A classification report provides detailed metrics such as precision, recall, and F1 score for each sentiment class. Additionally, a confusion matrix is used to visualize the model's classification performance and identify any common misclassifications.
[bookmark: _Toc175748644]4.1.7. Visualization
Visualization includes the presentation of the confusion matrix, which helps in understanding how well the model differentiates between different sentiment classes. This matrix can be plotted using heatmaps to provide a clear visual representation of the model's strengths and weaknesses. These visual tools are crucial for interpreting the results and guiding further improvements.
[bookmark: _Toc175748645]4.2. IMPLIMENTATION 
[bookmark: _Toc175748646]4.2.1. Software and Hardware Configuration
The implementation is carried out in Python, using libraries such as pandas for data manipulation, re for regex operations, numpy for numerical computations, scikit-learn for preprocessing and metrics, and Keras for building and training the neural network. The hardware configuration typically involves a standard machine with at least 8GB of RAM and a modern CPU or GPU for efficient model training.
[image: ]
[bookmark: _Toc175748647]4.2.2. Data Preprocessing
The data preprocessing phase involves cleaning the text data by removing URLs, mentions, hashtags, and special characters, and converting the text to lowercase. The cleaned text is then tokenized, and the sequences are padded to ensure uniform input length.

[image: ]
[bookmark: _Toc175748648]4.2.3. Model Architecture
The model architecture includes an Embedding layer, a Conv1D layer for feature extraction, a GlobalMaxPooling1D layer for dimensionality reduction, and Dense layers for classification.

[image: ]
[bookmark: _Toc175748649]4.2.4. Model Building
The model is compiled with the Adam optimizer and categorical cross-entropy loss function, which are well-suited for multi-class classification problems. The accuracy metric is used to evaluate performance during training.
[bookmark: _Toc175748650][image: ]4.2.5. Train the Model
The model is trained on the training data for 5 epochs, with a batch size of 32. A validation split of 20% is used to monitor the model's performance on unseen data and prevent overfitting.
[bookmark: _Toc175748651][image: ]4.2.6. Evaluation
The model's performance is evaluated on the test dataset using accuracy, a classification report, and a confusion matrix. These metrics provide a comprehensive understanding of how well the model is performing across different sentiment classes.

[bookmark: _Toc175748652][image: ]4.2.7. Visualization
A confusion matrix is generated to visualize the performance of the model across different sentiment classes. This matrix can be plotted as a heatmap for better interpretation.
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[bookmark: _Toc175748653]Chapter 5
[bookmark: _Toc175748654]Result and Evaluation
This chapter presents the results of the sentiment analysis model, including performance metrics, evaluation of model accuracy, and insights derived from predictions on both the test set and new data. The model was trained using a Recurrent Neural Network (RNN) on the preprocessed Twitter dataset with 10 epochs, a batch size of 32, and a 20% validation split, showing effective learning as indicated by improved accuracy over epochs. Upon completion of training, the model was evaluated on the test dataset, achieving an overall accuracy of approximately 81%, demonstrating that it correctly classified 81% of the test samples. This performance suggests that the model effectively learned from the training data and generalizes well to new, unseen tweets. [[image: ] 
Confusion Matrix: The confusion matrix was used to visualize the performance of the model across different sentiment classes. It shows the number of correct and incorrect classifications, highlighting areas where the model performed well or struggled. 
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[bookmark: _Toc175748655]CHAPTER 6 - REFLECTION
Model Performance: The model shows reasonable performance with an accuracy of 81%. This suggests that while the model is effective at classifying tweets into sentiment categories, there is room for improvement, particularly in reducing misclassifications between similar sentiment classes.
Error Analysis: Analysis of the confusion matrix indicates that the model has a tendency to confuse Positive and Neutral sentiments. This could be due to overlapping features in the text data for these sentiments. Further tuning and additional data might help improve the distinction between these classes.
Model Limitations: The model's performance is limited by factors such as the quality of data preprocessing, the choice of model architecture, and the balance of sentiment classes in the dataset. Further refinements, such as using more sophisticated architectures or additional data augmentation techniques, could enhance performance.
[bookmark: _Toc175748656]Conclusion
In this project, we developed a sentiment analysis model using a Recurrent Neural Network (RNN), achieving an accuracy of 81% on the test dataset. The classification report highlighted that the model performed well across sentiment classes, with precision, recall, and F1 scores of 0.78, 0.80, and 0.79 for positive sentiments, 0.77, 0.76, and 0.77 for negative sentiments, and 0.85, 0.85, and 0.85 for neutral sentiments, respectively. Although the model demonstrated effective sentiment classification and generalization to new data, it also revealed challenges in differentiating between closely related sentiment categories. Future work should focus on exploring advanced architectures like Transformers for better contextual understanding, augmenting the dataset to improve model robustness, and fine-tuning hyperparameters and embedding techniques to enhance performance further. These improvements could lead to more accurate and nuanced sentiment analysis, benefiting various natural language processing applications.
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import pandas as pd
import re

import numpy as np

from sklearn.model_selection import train_test_split
from sklearn.preprocessing import LabelEncoder

from keras.preprocessing. text import Tokenizer

from keras
from keras.models import Sequential
from keras.layers import Embedding, LSTM, Dense, Dropout, SpatialDropoutiD

from keras.utils import to_categorical

from sklearn.metrics import accuracy_score, classification_report, confusion matrix
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# Step 2: Data Preprocessing

def preprocess_text(text):
text = re.sub(r"http\S+|www\S+|https\s+”, ', text, flags=re.MULTILINE)
text = re.sub(r'\@\w+|\#', '', text) # Remove @mentions and hashtags
text = re.sub(r'[*A-Za-z0-9 ]+', '', text) # Remove special characters
text = text.lower() # Convert to lowercase
return text

df["text'] = df[text'].apply(preprocess_text)

# Step 3: Convert Text to Sequences

# Tokenization and padding

tokenizer = Tokenizer(num_words=10000)
tokenizer.fit_on_texts(df[ text'])

X = tokenizer. texts_to_sequences(df[ ‘text'])
X = pad_sequences(X, maxlen=200)

# Step 4: Prepare Target Variable

# Encode labels

le = LabelEncoder()

y = le.fit_transform(df[ 'sentiment’])
y = to_categorical(y)

# Remove URLS
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# Step 6: Build the RNN Model

model = Sequential()

model. add(Embedding(input_dim=10000, output_dim=128, input_length=200))
model.add(SpatialDropout1D(e.2)) # Adds spatial dropout to prevent overfitting
model.add(LSTM(100, dropout=e.2, recurrent_dropout=e.2, return_sequences=True))
model.add(LSTM(100, dropout=e.2, recurrent_dropout=e.2))

model.add(Dense(64, activation="relu‘))

model.add(Dropout(e.5)) # Additional dropout layer
model.add(Dense(y.shape[1], activation='softmax'))

model. compile(optimizer="adan’, loss='categorical crossentropy’, metrics=[‘accuracy'])
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model . compile(optimizer="adan’, loss='categorical crossentropy’, metrics=[‘accuracy'])
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nodel.fit(X_train, y train, epochs=10, batch_size=64, validation_split:
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# Classification Report

report = classification_report(y_test_classes, y_pred_classes, target_names=le.classes_)
print(f"Classification Report:\n{report}")

# Confusion Matrix
cm = confusion_matrix(y_test_classes, y_pred_classes)
print(f“Confusion Matrix:\n{cm}")
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import seaborn as sns
import matplotlib.pyplot as plt

sns.heatmap(cm, annot=True, fmt="d", cmap='Elues’)
plt.xlabel(Predicted')

plt.ylabel('Actual')

plt.title('Confusion Matrix')

plt. show()
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Classification Report:
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Confusion Matrix:
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