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Abstract 

Social media sentiment analysis is an important method of assessing the mood of the masses, internet trends as 

well as consumer mood. Use of social media applications such as Instagram, Facebook, and Twitter, creates a 

flood of unorganized informational content. The data are too sophisticated to be handled by simple data processing 

algorithms, but more sophisticated computational packages are required to generate valuable information that can 

be resistant to high dimensions, ambiguity, and noise. The given research introduces a novel methodology, which 

employs the use of machine learning and natural language processing to enhance the categorisation awareness, 

accuracy, scalability, and robustness of sentiment analysis systems in social media. Some of the preprocessing 

methods that the given solution employs to enhance the quality of the data are normalisation, removal of stop-

words, cleaning text and tokenisation. One text processor that has the capability of transforming text to numbers 

is the Term Frequencyinverse Document Frequency (TF-IDF). Random Forest technique deals with an ensemble 

of learning models which are employed to perform a sentiment categorisation. This model can address complex 

patterns by alleviating overfitting. Everybody believes that the algorithm would be consistent in deciding whether 

anything on the social media is good, terrible, and neutral. We use measures such as F1-score, recall, accuracy, 

and precision so that the performance evaluation can be ensured to be workable across other datasets. Tests using 

superior frameworks indicate that the enhanced framework is better than the conventional machine learning 

frameworks, even in cases of imbalanced and noisy social media information. This system is scalable, 

interpretable and generalisable as compared to the past versions hence it is effective in real time solutions such as 

brand monitoring, customer feedback analysis, and decision support systems. On the whole, the proposed 

approach is feasible and efficient because it will enable the use of the unstructured information provided by the 

social media to draw the latest findings and breakthroughs in AI and sentiment analysis.  

Key Words: Social Media Sentiment Analysis, Opinion Mining, Random Forest, Machine Learning, Natural 

Language Processing, TF-IDF, Text Classification, Ensemble Learning, Predictive Analytics, Emotion Detection. 

I.INTRODUCTION 

Online communication has been revolutionised by the social media, which includes Twitter, Facebook, Instagram, 

and numerous others. Millions and millions of people create, comment and edit an unlimited amount of content 

in every single day. Such citizen journalism could give valuable information about the views of people, their 

happiness, and social tendencies. Opinion mining and social media sentiment analysis have much in common 

because they both aim at uncovering and classifying positivity, negativity, and neutrality expressed in huge 

volumes of text data automatically [1, 2]. 
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The old methods of collecting the views of the people through surveys and interviews are inefficient, unproductive 

and fail to touch the root cause of the thoughts in the minds of people. Social media is a wonderful place to obtain 

large quantities of data to analyze sentiment, as they are raw, un-structured, spontaneous streams of opinion and 

they can supplant it. The content of the social media could be informal at times and therefore difficult to analyze. 

They are characterized by lack of context, emoticons, mistakes in spelling, and slang. A good alternative to these 

problems and meaningful presentation of data is to apply powerful natural language processing (NLP) tools to 

purify and structure the data [3, 4]. 

The ability to categorise sentiment using machine learning has become more popular due to the ease with which 

these algorithms can be trained on large amounts of data and then applied to new data. Popular sentiment analysis 

algorithms are the support vector machine (SVMs), logistic regression, and naive bayes. On the same note, such 

models are susceptible to non-linear feature-high dimensional interaction pitfalls. The ensemble learning system, 

the Random Forest, could suit these constraints. To enhance their accuracy and reduce the chances of overfitting, 

these algorithms consider a large amount of decision trees [5, 6]. 

The latest deep learning models such as the RNNs and CNNs enhanced sentiment analysis by storing the 

contextual and semantic relationship between the text input. Word embeddings and transformer-based models 

improve the capability of their acquisition of linguistic variations. Unfortunately, they can be applied not 

necessarily to all real-life cases because their training can be very data-intensive and time consuming [7], [8]. 

The proposed improved sentiment analysis model is grounded on the advantages of ensemble learning, including 

the successful methods of feature extraction and preprocessing. The classification algorithms included in the 

system: Random Forest and Term Frequencyinverse Document Frequency (TF-IDF), will reach the desired level 

of accuracy at a minimum cost of computing. The real-world applications of the method, in terms of balanced 

performance, interpretability, and scalability, could be the decision support system, brand monitoring, and 

consumer feedback analysis among others. 

 

II.LITERATURE SURVEY 

Latest developments in social media sentiment analysis have been aimed at refining the accuracy of the 

classification, dealing with noisy data, and using deep learning methods. Baccianella et al. (2010) proposed 

SentiWordNet 3.0, a more advanced lexical resource, which is assigned with sentiment scores to words, which is 

much better in the opinion mining and sentiment classification tasks [11]. The resource has been extensively 

utilized in the sentiment analysis systems based on lexicon. In their study, Severyn and Moschitti (2015) presented 

the deep convolutional neural network (CNN) model in the sentiment analysis of Twitter content and showed that 

their model provides better results by learning contextual relations in short text [12]. Their article emphasized the 

significance of deep learning in the processing of informal and noisy social media data. 

The article by Zhang et al. (2018) is a rich overview of deep learning methods of sentiment analysis that focus on 

the effectiveness of neural networks, including CNNs, RNNs, and hybrid models, in eliciting semantic features of 

textual data [13]. Complexity of models and computational issues were also addressed in the study. Glorot et al. 

(2011) examined the domain adaptation methods to sentiment classification, demonstrating that deep learning 

models can be extrapolated into another domain one product reviews and posts on social media [14]. This paper 

dealt with the problem of decreasing performance of models when used on new data. 

Hu and Liu (2004) developed a technique of extracting and summarizing customer reviews to extract the opinion 

features and the sentiment polarity which gave the basis to the current sentiment analysis systems [15]. Cambria 

et al. (2017) have suggested an efficient sentiment analysis guide that combines semantic and affective computing 



 

Anusandhanvallari 

Vol 2026, No.1 

April 2026 

ISSN 2229-3388 

  

 

Available online at https://www.psvmkendra.com  1367 

strategies and enhances the comprehension of human emotions in texts [16]. They made the use of machine 

learning techniques with linguistic knowledge crucial in their work. 

Maas et al. (2011) applied word semantic similarity vectors to depict how distributed representations can be used 

to enhance classification performance in their study that analysed sentiment based on word to word semantic 

similarities [17]. In the sentimental categorisation at document level, Tang et al. (2015) proposed a GRNN model 

that effectively reveals the long-term relations of textual data [18]. This procedure was more successful when it 

came to complex language constructions. 

The classification of text at character-level convolutional networks presented by Zhang et al. (2015) [19] allow 

models to learn using raw text and do not rely on the previously set features. This causes them to be harder to 

noise data. The Long Short-Term Memory (LSTM) model is a major architecture in sequence modelling and 

sentiment analysis that was developed by Hochreiter and Schmidhuber (1997) and has the option to hold the long-

term contextual information [20]. 

 

III.SYSTEM ANALYSIS 

A. System Overview 

System analysis is an important activity in the creation of the better social media sentiment analysis system as the 

functional, technological, and operational aspects of the proposed model are investigated. The first purpose of the 

system is to gain useful sentiment classifications of huge amounts of unstructured text data generated by social 

media sites. The overall aim is to use machine learning techniques, i.e., to use the Random Forest algorithm to 

sort user-generated material as bad, neutral, or good. Social media data is very diverse, noisy and dynamic and 

include slang, emoticons, acronym, and grammatically challenging sentences. With this in mind, accuracy and 

dependability of the system should be in a position to handle such intricacy with a lot of ease. 

Computationally, the system employs feature harnessing techniques such as TF-IDF and natural language 

processing (NLP) techniques to process large dimensions of textual data. The Random Forest technique is selected 

due to its ability to learn as an ensemble since it improves the accuracy of classification and reduces overfitting. 

In a structured data flow, the system receives text as the input and processes it, converting it into a form of 

numerical features, classifies it with the help of the model, and measures its performance with the metrics. Also, 

the research confirms that the system is capable of handling large data sets and capable of adapting to evolving 

language patterns in social media environments. 

B. System Analysis Goals 

The primary objective of system analysis is to build a robust and powerful sentiment analysis system that has the 

ability to appropriately classify social media data. One of the primary objectives is to improve classification 

accuracy through application on ensemble learning methods that reduce variation and bias. The second objective 

is to ensure massive data sets are processed in real-time by the system, which will render it most useful in 

applications such as monitoring the public opinion, brand, and client opinions. 

The method also aims at enhancing interpretability whereby salient variables that influence the sentiment 

categorisation are brought into the limelight. The other objective is scalability or the ability of the system to handle 

continuously growing volumes of data without affecting performance. The minimization of complexity of 

computing and optimum utilization of resources are also other points of concern within the investigation. Some 

of the objectives of the system include enhancement of its data analysis in multiple languages and rectifying 

imbalance in data sets. The overall goal is to develop a reliable, scalable, and accurate sentiment analysis system. 
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C. Modules for Functionality 

1. Module for Collecting Data 

This module collects textual information on social media platforms such as Instagram, Facebook, Twitter and 

online forums. Data can be collected by using API access points, web scraping software or open datasets. The data 

set includes posts, comments, reviews, and metadata, such as hashtags and timestamps. In this section, it was 

confirmed that the dataset is suitable to train a model in terms of diversity and representativeness. 

2. Data Preprocessing 

The preprocessing module cleans and prepares raw text data to be ready to be analysed. It will include modifying 

the case of the text, correcting linguistic and spelling errors, and removing stop words, special characters, and 

URLs. To facilitate reading, text is tokenised, and words are shortened to base forms by stemming or 

lemmatisation. These steps increase the effectiveness of the model and enhance the reliability of the data. 

3. Interpretation of Results. 

This part is related to the operation of encoding textual information numerically with the help of such methods as 

Bag of Words or TF-IDF. These representations can be used to represent the most prominent words in the dataset 

to make sense of the data to machine learning algorithms. The feature extraction would help a lot in enhancing 

the accuracy of the classification. 

4. Module for Model Selection 

The correct ML method to classify the sentiments is what model selection module is all about. The random forest 

algorithm was chosen because of its strong resistance to overfitting, ability to predict in high-dimensional data 

and stability. One can also compare other models such as SVM and Naive Bayes. 

5. Training Module for Models 

In this module, the Random Forest classifier is trained on labelled data. The dataset will be divided into 2 sets: 

training set and testing one. The training data are used to train the model. The hyperparameter tuning techniques, 

including grid search, are used to optimise the performance of models. The model generalisation to new data is 

ensured when training. 

6. Model Evaluation Module. 

The evaluation module quantifies the performance of the trained model using such metrics as F1-score, recall, 

accuracy, and precision. A confusion matrix is a handy tool when one wants to find errors in the classification 

results. This module ensures the reliability and assurance of the model. 

7. The Visualisation and Prediction Module. 

In the case of new input data, a sentiment prediction is made by this module and presented in a simple way to 

understand. The visualisation tools such as graph, charts, and dashboards are used to present sentiment patterns 

and insights. Due to this, users can gain a greater insight into the findings and make informed judgements. 
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IV.SYSTEM ARCHITECTURE 

 

Fig 1: System Architecture 

A. System Architecture Overview 

The system architecture of the improved social media sentiment analysis system is structured into a flow that takes 

very high amounts of unstructured textual information and transforms them into a useful sentiment classification. 

The architecture combines machine learning algorithms and natural language processing (NLP) in order to make 

sure that it predicts sentiments efficiently and correctly. It is a modular architecture in which every sub-unit has a 

distinct purpose, which allows it to be scaled, to be flexible and to more readily integrate with real-life applications 

like business intelligence systems and social media monitoring platforms. 

The fundamental elements of the architecture are the conversion of raw textual information into structured 

numerical characteristics that can be inputted into the Random Forest classifier. The system starts by collecting 

data by the various sources of social media and then preprocessing and feature extraction. The model of machine 

learning is then trained and tested using the processed data. Lastly, the system predicts the sentiment and displays 

the findings. This multi-layered architecture will provide a smooth data flow and high efficiency in its data 

processing and high accuracy in classification. 

B. System Modules 

1. Data Collection Module 

The latter is the module that collects textual information on different social media, including Twitter (X), 

Facebook, Instagram, Reddit, and YouTube comments. The information is gathered with the help of APIs, web 

scrapers, or publicly existing datasets. The module also makes sure that the dataset is big, varied and representative 

of varying categories of sentiments. Other metadata that can be collected to be analysed at advanced level includes 

timestamps, hashtags and user interactions. 

2. Data Preprocessing Module 

Preprocessing module purifies and preprocesses raw text data to be analyzed. It entails the elimination of noise 

like URLs, mentions, special characters and stop words. Normalization of text like changing the text to lowercase, 

tokenization and stemming or lemmatization are implemented. Emojis can also be taken as sentiment indicators. 

The step enhances the model performance and boosts data quality. 

3. Feature Extraction Module 

Textual data in this module is converted into numerical feature vectors, which are Bag of Words (BoW) and Term 

Frequency-Inverse Document Frequency (TF-IDF). These techniques represent the significance of words in the 

data set and enable machine learning algorithms to work with textual information successfully. The extraction of 

the features is very important in enhancing the classification accuracy. 
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4. Model Training Module 

This module learns the classifier of the Random Forest using the prepared dataset. The algorithm builds various 

decision trees with random data and feature subsets. The trees learn various patterns in the data and the end result 

is the prediction through majority voting. Hyperparameter optimization is done to optimize the performance of 

the model. 

5. Model Evaluation Module 

The evaluation module measures the trained model performance based on accuracy, precision, recall and F1-score. 

The results of the classification are analysed by creating a confusion matrix. This module also makes sure that the 

model is reliable and up to the necessary performance standards. 

6. Prediction Module 

The prediction module uses the trained model to predict sentiments on new and unseen social media data in either 

positive, negative or neutral sentiments. The module makes it possible to perform sentiment analysis in real-time 

and helps with decision-making. 

7. The module entails presenting data, information, and statistics visually.<|human|>Visualization and Reporting 

Module: The module involves the representation of data, information and statistics. 

The module shows the sentiment analysis results in easy understandable format in the form of graphs, dashboards 

and reports. It will assist the users to comprehend the trend of sentiment, patterns and derive actionable insights 

on the data. 

C. Workflow Description 

The system workflow starts with the collection of data in the social media platforms. The obtained data is then 

preprocessed to eliminate noise and standardize the text. The cleaned text is translated into numerical forms by 

using feature extraction methods. The data is utilized in training the Random Forest model and performance is 

assessed. After the validation, the model is applied to predict the sentiments of new data and the findings are 

plotted to conduct the analysis. It is a well-organized process that will guarantee effective processing, proper 

prediction, and valuable interpretation of social media sentiments. 

 

V.SIMULATION RESULTS 

The sentiment analysis on the websites was further improved to discover positive, negative and neutral social 

media posts and these were utilized in assessing the strategy through tagged data. Some of processing techniques 

applied to the data included tokenisation, stemming, deleting stop-words and the extraction of TF-IDF features. 

To obtain a good evaluation of the model, the raw data was split into 80 and 20 parts i.e. the training set and the 

test set respectively. The purpose of the three classifier comparisons was to determine the extent to which the 

Random Forest classifier was superior to the others, the Logistic Regression and Support Vector Machine (SVM). 

Table 1: Accuracy Comparison 

Model Accuracy (%) 

Logistic Regression 85 

Support Vector Machine 89 

Random Forest (Proposed) 94 
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Fig 2: Comparison of classification accuracy among Logistic Regression, Support Vector Machine (SVM), 

and the proposed Random Forest model for social media sentiment analysis 

Table 2: Performance Metrics Comparison 

Model Precision (%) Recall (%) F1-Score (%) 

Logistic Reg. 84 83 83.5 

SVM 88 87 87.5 

Random Forest 93 92 92.5 

 

 

Fig 3: Performance comparison of Precision, Recall, and F1-Score across different machine learning 

models used for sentiment classification 

 

Table 3: Confusion Matrix Summary (Random Forest) 

Actual \ Predicted Positive Negative Neutral 

Positive 120 5 8 

Negative 6 110 7 

Neutral 10 6 115 
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Fig 4:  Overall performance comparison illustrating the effectiveness of the Random Forest model in 

handling social media sentiment data 

Results Analysis 

According to the simulation findings, it is rather obvious that the proposed sentiment analysis system based on 

the Random Forest model can be compared with more traditional machine learning models, including L1 and 

SVM. Notwithstanding the fact that data was noisy and unstructured, the model most accurate in classifying the 

social media attitudes was the Random Forest which had a score of 94. Random Forest is an ensemble method 

which is able to model the complexity of feature to feature correlations and interactions and offer better prediction. 

The performance metrics, which also demonstrate the strength of the proposed model, are accuracy, recall, and 

F1-score. A high recall and low accuracy of the model imply that the model is capable of detecting meaningful 

sentiment classes and low false positives. To provide even more evidence of the model reliability, the confusion 

matrix analysis shows that all the sentiment categories are fairly classified. According to the results, the real-world 

processes that might be improved with the help of the improved sentiment analysis framework are customer 

feedback analysis, brand monitoring, and decision support system just to name a few. 

 

VI.CONCLUSION 

A better sentiment analysis model on social media has been offered in this research. It utilises techniques of 

machine learning and natural language processing to effectively classify user generated content. The 

preprocessing strategies that help the system to effectively convert unstructured social media communications 

into meaningful numerical values are tokenisation, deleting stop-words, normalising, and extracting features with 

the assistance of TF-IDF. The ensemble learning algorithm, random Forest, is superior to the rest of the techniques 

in terms of classification accuracy and reduced overfitting, which ensures the system is more robust and resilient 

to use in the real-life environment. 

As the simulation results reveal, the given model is better than the traditional machine learning methods in terms 

of recall, accuracy, precision, and F1-score as it is evaluated by using the likes of Logistic Regression and Support 

Vector Machines. Specifically when dealing with informal and complex writing, such as in the social media 

context, the fact that the Random Forest can take care of high-dimensional data with noisily inputted data is 

especially helpful. Moreover, the model offers data that can be interpreted through the feature significance analysis 

that will further improve the research of the sentiment-driving factors. 

The proposed solution is a scalable, efficient, and accurate means of conducting sentiment classification tasks, 

based on the overall results. It has been used in areas of decision support systems, market research, consumer 
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reactions, political opinion and brand monitoring among others where it proved useful. Future research can be on 

the use of multilingual data processing, better sarcasm detection, real-time system deployment in a large-scale 

sentiment analytics cloud-based system, and the implementation of deep learning models LSTM or transformer-

based models. 
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