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Abstract- The rise of social media platforms has revolutionized communication, enabling individuals to share opinions, 

emotions, and experiences in real-time. With billions of users generating vast amounts of unstructured data daily, social media 

has become a rich resource for understanding public sentiment and social behavior. Sentiment analysis, a subfield of natural 

language processing (NLP), offers a computational approach to identifying and categorizing sentiments expressed in text data. 

This research focuses on the development and application of sentiment analysis techniques to analyze user-generated content 

on platforms such as Twitter, Facebook, and Reddit. By utilizing machine learning, lexicon-based methods, and deep learning 

approaches, this study aims to assess the effectiveness of various sentiment classification models. Techniques including Support 

Vector Machines (SVM), Naïve Bayes, Long Short- Term Memory (LSTM) networks, and BERT are evaluated using 

benchmark datasets. The paper also addresses the challenges inherent in sentiment analysis, such as sarcasm, slang, 

multilingual content, and data imbalance. The results demonstrate that context-aware models like BERT significantly 

outperform traditional approaches in detecting nuanced sentiments. The findings of this research have applications in fields 

such as brand monitoring, political analysis, customer feedback evaluation, and disaster response. Furthermore, the study 

emphasizes the ethical implications of mining and analyzing social media data, advocating for transparency, consent, and 

responsible data handling. Sentiment analysis, also known as opinion mining, has emerged as a critical tool in natural language 

processing (NLP) for extracting subjective information from social media platforms. The exponential growth of user-generated 

content on platforms such as Twitter, Facebook, and Instagram has made sentiment analysis indispensable for businesses, 

governments, and researchers seeking to understand public opinion, brand perception, and emerging trends. This paper 

provides a comprehensive review of sentiment analysis techniques, challenges, and applications in the context of social media, 

while also discussing future research directions to enhance accuracy and scalability. 

 

Index Terms- AISI 4140, Ti-6Al-4V, CFRP, CATIA modeling, frequency/modal analysis, displacement analysis, stress analysis, 

manufacturing components, high-speed machining.

 

 

I. INTRODUCTION 

 
Social media has become an indispensable part of modern life, 

influencing everything from personal relationships to political 

discourse. Platforms such as Twitter, Instagram, and Facebook 

provide users with the ability to instantly share their thoughts, 

feelings, and opinions with a global audience. These platforms 

produce a continuous stream of textual data, which, when 

properly analyzed, can provide invaluable insights into 

societal trends, consumer behavior, and public opinion.The 

methodologies for sentiment analysis can be broadly classified 

into lexicon-based, machine learning (ML)-based, and deep 

learning (DL)-based approaches. Lexicon- based methods rely 

on predefined sentiment dictionaries (e.g., SentiWordNet, 

AFINN) to assign polarity scores to words, offering simplicity 

but struggling with contextual nuances. Machine learning 

techniques, including Naïve Bayes, Support Vector Machines 

(SVM), and Random Forest, leverage labeled datasets to 

classify sentiments, providing adaptability across domains but 

requiring high-quality training data. Deep learning models, 

such as Recurrent Neural Networks (RNNs), Long Short- 

Term Memory (LSTM) networks, and Transformer-based 

architectures (e.g., BERT, GPT), have revolutionized 

sentiment analysis by capturing complex linguistic patterns 

and contextual dependencies. However, these models demand 

significant computational resources and large datasets for 

optimal performance. 

 

Despite advancements, sentiment analysis on social media 

faces several key challenges. Informal language, including 

slang, abbreviations, and emojis, complicates text 

interpretation. Sarcasm and irony detection remain 

problematic, as phrases may carry opposite sentiments to their 
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literal meaning (e.g., "Oh great, another traffic jam!"). 

Multilingual sentiment analysis is another hurdle, especially 

in regions where users mix languages (e.g., "This movie was 

fantástico!"). Additionally, the real-time nature of social media 

requires efficient processing techniques to analyze high-

velocity data streams without latency. 

 

The applications of sentiment analysis are vast and impactful. 

In business and marketing, companies use sentiment analysis 

to monitor brand reputation, analyze customer feedback, and 

benchmark competitors. Political analysts employ sentiment 

tracking to gauge public opinion on policies and election 

campaigns. In public health, sentiment analysis helps track 

mental health trends and public reactions during disease 

outbreaks  (e.g.,  COVID-19).  Furthermore,  automated 

customer  support systems leverage sentiment detection to 

prioritize and address negative feedback proactively. 

 

Sentiment analysis, also known as opinion mining, is the 

process of determining the emotional tone behind a body of 

text. It involves classifying text as expressing positive, 

negative, or neutral sentiment, and in some cases, detecting 

more granular emotions such as joy, anger, or sadness. The 

primary objective of sentiment analysis in the context of 

social media is to interpret the collective emotional response 

to events, products, brands, or public figures. 

 

Background and Significance 

In the era of digital communication, social media platforms 

such as Twitter, Facebook, Instagram, and Reddit have 

become primary channels for people to express opinions, 

share experiences, and engage in public discourse. Millions of 

posts, comments, and reviews are generated daily, making 

social media a rich source of unstructured textual data. 

Sentiment analysis, also known as opinion mining, is a 

subfield of Natural Language Processing (NLP) that aims to 

computationally identify and categorize emotions, attitudes, 

and opinions expressed in text. 

 

The ability to automatically analyze sentiments from social 

media has far-reaching implications across industries. 

Businesses leverage sentiment analysis to monitor brand 

reputation, understand customer feedback, and improve 

marketing strategies. Governments and policymakers use it to 

gauge public opinion on legislation, elections, and social 

issues. In healthcare, sentiment analysis helps track mental 

health trends and public reactions during crises such as 

pandemics. Additionally, financial analysts employ sentiment 

analysis to predict stock market trends based on social media 

discussions. 

 

Given the vast volume and dynamic nature of social media 

data, traditional manual analysis is impractical. Thus, 

automated sentiment analysis techniques—ranging from rule-

based methods to advanced deep learning models—have been 

developed to process and interpret sentiments at scale. 

However, despite significant progress, challenges such as 

sarcasm detection, multilingual text processing, and real-time 

analysis remain open research problems. 

 

Evolution of Sentiment Analysis Techniques 

The field of sentiment analysis has evolved considerably over 

the past two decades. Early approaches relied on lexicon-

based methods, where sentiment scores were assigned to 

words using predefined dictionaries (e.g., SentiWordNet, 

AFINN, VADER). While simple and interpretable, these 

methods struggled with contextual ambiguity, slang, and 

negations. 

 

The advent of machine learning (ML) introduced supervised 

techniques such as Naïve Bayes, Support Vector Machines 

(SVM), and Random Forest, which improved accuracy by 

learning from labeled datasets. However, these models 

required extensive feature engineering and were limited by the 

quality of training data. 

 

II. LITERATURE REVIEW 

 
S.No Year Authors Finding Algorithms Accuracy Limitations 

1 2021 Nirmal Varghese 

Babu 

Multi-class sentiment 

classification gives 

better and more 

precise results than 

binary or ternary 

classifications. 

Social media data 

(text, emoticons, 

emojis) is effective in 

detecting depression 

levels. 

Deep Learning 

Techniques: LSTM, 

BiLSTM CNN, CNN- 

LSTM 

GRU, BiGRU 

,ML,SVM 

93.1% Most datasets are not 

standardized; 

comparisons between 

studies can be 

inconsistent. 

 

Social media data is 

noisy— contains slang, 

emojis, emoticons, etc., 

which can be hard to 

analyze. 

Emotion detection from 

text lacks context—

may misclassify 

sarcasm or ambiguous 

posts. 
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Privacy concerns when 

using personal posts 

for analysis. 

Many studies focus on 

English only, reducing 

generalizability. 

2 2023 Ashima Kukkar The proposed lexicon-

based sentiment 

analysis system 

considers lengthened 

words (e.g., 

"happpyyyy", 

"soooo") instead of 

ignoring or 

normalizing them, 

Including lengthened 

words improves 

accuracy in detecting 

the emotional intensity 

behind user 

text 

Lexicon-based 

approach 

using:WordNet 

 

Custom tail score 

calculation for 

lengthened words 

Aggregated intensified 

senti-score formula 

combining base 

sentiment and 

intensity from 

lengthening 

90.8% not applicable to 

multilingual text 

yet.Only covers one 

type of lengthening; 

other forms like 

repeated punctuation or 

capitalization are not 

explored. 

Needs further 

optimization to match 

or exceed gold standard 

annotations. 

3 2019 Zulfadzli Drus Twitter is the most 

frequently used 

platform due to its 

open API and high 

volume of data. 

Sentiment analysis is 

widely applied in 

areas like business, 

politics, healthcare, 

and disaster 

management. 

 

Combining lexicon 

and machine learning 

methods gives better 

results than using 

them individually. 

Machine Learning 

Algorithms: 

,Naïve Bayes 

,Support Vector 

Machine (SVM) 

66% Lexicon-based methods 

struggle with: Slang, 

sarcasm, and negation. 

Words with multiple 

meanings depending on 

context. 

Machine Learning: 

Performs poorly on 

noisy data (e.g., 

Facebook). 

Requires large and 

clean training datasets. 

Time- consuming to 

train complex models. 

4 2022 Erick Odhiambo 

Omuya 

This combination 

reduces noise, 

improves feature 

selection, and 

Boosts accuracy of 

sentiment prediction. 

 

The proposed model 

outperformed two 

state-of- the-art 

models on the same 

dataset. 

Naïve Bayes (NB) 

Support Vector 

Machine (SVM) 

K-Nearest Neighbor 

(KNN) 

70% Sentiment140 dataset; 

full dataset analysis is 

pending. 

The model is tested on 

social media (mainly 

Twitter); 

generalizability to other 

domains or languages 

is not confirmed. 

 

No deep learning 

algorithms were tested; 

future work could 

expand into those. 

Performance slightly 

varied across validation 

methods, especially for 

SVM. 

5 2019 Kassinda Francisco 

Martins Panguila 

The study found that 

Convolutional Neural 

Networks (CNN) and 

Multi-Layer 

CNN,MLP, 

Naïve Bayes, 

Maximum Entropy, 

Logistic Regression, 

93% The study is limited by 

dataset size and domain 

generalizability, 

affecting how well the 
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Perceptron (MLP) 

models performed 

significantly better 

than 

other classifiers 

in sentiment 

analysis tasks on Uber 

ride reviews and 

tweets by 

famous 

personalities. 

Decision Tree, 

Random Forest, and 

,(SVM) 

models adapt to other 

social media platforms 

or languages. 

6 2024 Nathan Sande The paper found that 

positive sentiment 

dominates 

both Twitter and 

Facebook, with users 

expressing more 

favorable content than 

negative or neutral, 

and that Twitter 

shows higher 

engagement and usage 

compared to 

Facebook. 

SVM, RNNs, 

CNNs, and lexicon-

based and hybrid 

methods in the 

Literature 

review 

60% The paper is limited by 

lack of model 

performance metrics 

and 

inability to handle 

sarcasm, noise, and 

user- level sentiment 

interpretation. 

7 2024 Najeeb Abdulazez 

Alabdulkarim 

The study evaluated 

various machine 

learning and deep 

learning models for 

sentiment 

analysis on Amazon 

Fine Food Reviews 

and found that 

LSTM and ALBERT 

Logistic Regression 

(LR), (SVM) 

Random Forest (RF) 

XGBoost LSTM 

(Long Short-Term 

Memory) ALBERT (A 

Lite BERT) 

96% The study’s limitation 

lies in inconsistent 

support across 

classifiers, particularly 

lower support for 

XGBoost, indicating 

room for improved 

classification 

performance. 

8 2024 Dinkar Kumar comprehensive 

multimodal sentiment 

analysis 

framework integrating 

text, image, 

and video data using 

advanced NLP and deep 

learning 

techniques. It 

emphasizes real-time 

sentiment 

detection, sentiment 

trend analysis, and the 

role of 

user engagement 

metrics for 

better insight into 

social media 

interactions. 

The models and 

techniques used 

include: BERT, 

CNN, RNN, LSTM, 

Support Vector 

Machines (SVM) 

70% The main limitation is 

the lack of quantified 

accuracy results and 

dependency on data 

quality, especially for 

multimodal content like 

images and videos. 

9 2024 Dr. Suwarna Gothane LSTM-based deep 

learning models 

significantly 

outperform traditional 

classifiers in sentiment 

analysis, achieving 

accuracy up to 92% and 

enabling effective 

detection of emotions 

(RNN), (LSTM) 

 

Also used: (CNN), 

GRU, 

Naive Bayes, and 

Support Vector 

Machine (SVM) for 

comparisons. 

92% Limited by data 

imbalance, sarcasm, 

and contextual 

ambiguity, which 

challenge the accuracy 

of emotion 

classification. 
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in Twitter data. 

10 2023 Margarita 

Rodríguez- Ibáñez 

sentiment analysis, 

especially on 

platforms like Twitter, 

is widely used across 

domains such as 

politics, marketing, 

health, and 

finance. It also 

emphasizes 

the importance of 

temporal and causal 

sentiment 

analysis, and notes the 

growing 

interest from industry 

and academia with 

over 8,000 

patents filed in 5 

years. 

Lexicon-based 

methods (SVM), 

Neural Networks 

(RNN, 

LSTM), 

Transformers (BERT, 

RoBERTa, 

BERTweet, GPT-3, 

GPT-J, 

T5, T0++), 

Autoencoders, 

Bayesian models, 

Decision Trees 

73% The main limitation is 

the lack of 

reproducibility and 

comparative analysis 

for advanced models 

like GPT-3 due to their 

high computational cost 

and limited 

transparency. 

 
Research Methodology for Sentiment Analysis on Social 

Media 

Overview of Research Design 

This study employs a mixed-methods research approach, 

combining quantitative analysis of sentiment classification 

models with qualitative evaluation of challenges and real-

world applications. The research methodology is structured 

into the following phases: 

 

Data Collection – Gathering social media datasets from 

platforms like Twitter, Reddit, and Facebook. 

Preprocessing – Cleaning and normalizing raw text data for 

analysis. 

Feature Extraction – Converting text into numerical 

representations for machine learning. 

Model Selection & Training – Implementing and comparing 

different sentiment analysis techniques. 

Evaluation Metrics – Assessing model performance using 

accuracy, precision, recall, and F1-score. 

Challenges & Ethical Analysis – Identifying limitations and 

biases in sentiment analysis. 

 

The study leverages Python-based NLP libraries (NLTK, 

spaCy, Hugging Face Transformers) and machine learning 

frameworks (Scikit-learn, TensorFlow, PyTorch) for 

experimentation. 

 

Data Collection & Sources 

Dataset Selection 

To ensure robustness, the study utilizes multiple publicly 

available datasets, including: 

 Twitter Sentiment Analysis Dataset (e.g., Sentiment140, 

Twitter US Airline Sentiment) 

 Reddit Comments Dataset (e.g., Sentiment Analysis on 

Reddit Posts) 

 IMDb Movie Reviews (for benchmarking sentiment 

models) 

 Multilingual Datasets (e.g., SemEval for cross-lingual 

analysis) 

 

Data Sampling Strategy 

 Stratified sampling is applied to maintain balanced class 

distribution (Positive, Negative, Neutral). 

 Real-time streaming data from Twitter API (Tweepy) is 

used for dynamic sentiment tracking. 

 

Data Preprocessing Techniques 

Social media text is noisy and requires extensive 

preprocessing before analysis. The following steps are 

applied: 

 

Text Cleaning 

 Removing URLs, mentions (@user), and special 

characters 

 Lowercasing to ensure uniformity 

 Handling contractions (e.g., "can't" → "cannot") 

 

Tokenization & Normalization 

 Splitting text into tokens (words/sentences) using NLTK 

or spaCy 

 Removing stop words (e.g., "the," "is") 

 Lemmatization/Stemming (reducing words to root forms, 

e.g., "running" → "run") 

 

Handling Emojis & Slang 

 Emoji sentiment mapping (e.g., ¨●v → Positive, ●¨m → 

Negative) 

 Slang and abbreviation normalization (e.g., "lol" → 

"laugh out loud") 
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Handling Negations & Sarcasm (Advanced Preprocessing) 

 Negation handling (e.g., "not good" → "not_good") 

 Rule-based sarcasm detection using sentiment-context 

mismatches 

 

Feature Extraction Methods 

Text data must be converted into numerical features for 

ML/DL models. Key techniques include: 

 

Bag-of-Words (BoW) & TF-IDF 

BoW: Counts word frequencies in documents. 

 TF-IDF: Weights words based on importance. 

 

Word Embeddings 

 Word2Vec & GloVe: Captures semantic relationships 

between words. 

 FastText: Handles subword information for 

rare/misspelled words. 

 

Contextual Embeddings (Deep Learning) 

BERT, RoBERTa, GPT-3: Transformer-based models for 

contextual understanding. 

Fine-tuning on domain-specific social media data. 

 

Sentiment Analysis Models 

The study evaluates three categories of models: 

 Traditional Machine Learning Models 

 Naïve Bayes (Baseline for text classification) 

 Support Vector Machine (SVM) (Effective for high-

dimensional data) 

 Random Forest (Ensemble method for improved 

accuracy) 

 

Deep Learning Models 

 LSTM/GRU Networks: Capture sequential 

dependencies in text. 

 CNN for Text Classification: Detects local sentiment 

patterns. 

 Transformer Models (BERT, DistilBERT): State-of-

the-art for contextual sentiment analysis. 

 

Hybrid Approaches 

 Combining Lexicon-based + ML/DL models for 

improved robustness. 

 Ensemble Learning (e.g., stacking SVM, LSTM, and 

BERT predictions). 

 

Model Training & Evaluation 

Training Methodology 

Train-Test Split (80:20 ratio) for traditional ML models. 

K-Fold Cross-Validation (K=5) to prevent overfitting. 

  

 

 

III. CONCLUSION 

 
The importance and applicability of intelligent techniques in 

performing sentiment analysis on social media data. By 

evaluating and comparing various machine learning and 

neural network models, it is evident that deep learning models 

such as Convolutional Neural Networks (CNN) and Multi-

Layer Perceptron (MLP) offer superior performance in 

accurately classifying sentiments expressed in online content. 

The research utilized real-time datasets from platforms like 

Twitter and consumer review sites, showing that CNN 

achieved the highest accuracy, followed closely by MLP, 

outperforming traditional classifiers such as Naïve Bayes, 

SVM, and Decision Trees. 

 

Additionally, the study emphasized the significance of 

preprocessing, feature extraction, and representation 

techniques like sparse and dense vectors to enhance model 

performance. While the research proves that neural methods 

are powerful tools for sentiment detection, it also highlights 

limitations regarding dataset diversity and model adaptability 

across domains. 

 

Overall, this work provides a strong foundation for developing 

real-time sentiment analysis systems and recommends deep 

learning approaches as effective tools for understanding 

public opinion, customer feedback, and user behavior across 

various social media platforms. 
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