j.-t' “ARe
¢ TISREM 3

Sy e Jeurnal

W Volume: 09 Issue: 11 | Nov - 2025

International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.586 ISSN: 2582-3930

Mining Emotions ‘A Comprehensive Study on Sentiment Analysis of Social
Media’
Vyas More!, Omkar Nalawade?, *Dr. Rupali Kalekar3

"Vyas More (MCA) ZIBACAR
’Omkar Nalawade (MCA) ZIBACAR
3Dr. Rupali Kalekar (MCA) ZIBACAR

*kk

Abstract —

Sentiment Analysis (SA), or opinion mining, is a key area of
Natural Language Processing (NLP) that focuses on identifying
and interpreting emotions, attitudes, and subjective information
from text. With the exponential rise of social media platforms
such as Twitter/X, Facebook, Instagram, Reddit, and TikTok,
billions of wusers generate continuous streams of short,
unstructured and highly contextual posts. These platforms have
transformed sentiment analysis into a crucial tool for
understanding public opinion, behavioral patterns, and
emotional trends on a large scale. This study presents a
comprehensive study of how SA techniques are applied to social
media data to “mine emotions” effectively.

This study explores the evolution of sentiment analysis,
beginning with traditional lexicon-based and classical machine
learning methods and progressing to state-of-the-art deep
learning architectures, such as RNNs, LSTMs, CNNs, and
Transformer-based models (BERT, ROBERTA, GPT). It also
examines multimodal approaches that combine text with
images, videos, and audio to improve accuracy in real-world
social-media environments. A detailed survey of widely used
datasets, including Twitter Sentiment140, Semeval, IMDb, SST,
and multimodal datasets, is provided alongside commonly used
tools, libraries, and evaluation metrics.

This study further investigates domain-specific applications
where sentiment analysis plays a critical role, including digital
marketing, political opinion tracking, product review mining,
crisis detection, public health monitoring, and customer
experience management. Key challenges, such as noisy text,
emojis and slang, code-mixed language, sarcasm, fake accounts,
data imbalance, and evolving social media trends, are analyzed
in depth. This study also highlights the ethical considerations
related to privacy, bias, and responsible Al use.

Overall, this study aims to serve as both an accessible
introduction for beginners and a detailed reference for
researchers. By reviewing foundational principles, advanced
computational techniques, practical applications, and open
challenges, this paper provides a holistic understanding of
sentiment analysis for social media emotion mining in the
modern digital era.

Keywords: Sentiment Analysis, Social Media Mining, Emotion

Detection, NLP, Machine Learning, Deep Learning, Multimodal
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1.Introduction

As social media websites continue to evolve and slowly become
the source of all kinds of information, people have started

posting their opinions on various topics, discussions, issues,
complaints, and expressing negative, positive, or neutral
emotions in response to the product they use or the condition
they go through. Many brands and companies conduct polls on
these sites and blogs to understand the general public sentiment
and demand for their various offerings. This is a requirement for
some technology that can identify and summarize the overall
sentiment of people.

This significantly differentiates the current generation because
the digital age and social media have turned these platforms into
vibrant centers where people interact with all kinds of content,
post experiences, and share their opinions. As a result,
Facebook, Instagram, and Twitter have progressively developed
as critical demystifiers in the real-time domain of how the public
feels, what it believes in, and its habits.

Sentiment analysis thus becomes a substantive approach for
extracting  knowledge from extensive internet-based
conversations while detecting feelings underpinning several
people’s expressions. Sentiment analysis is a technology under
the umbrella of natural language processing that attempts to
computationally analyze people’s opinions, attitudes, emotions,
and more as expressed in written text. By understanding the
emotional “tone,” or polarity, that underlies any single sentiment
expressed, sentiment analysis provides a critical understanding
of public opinion, trends, and sentiment towards a brand,
allowing businesses to understand what consumers prefer and
how they feel about products and services while showcasing
market trends.

2. Statement of Problem

In today’s digital world, people share their thoughts and feelings
on social media platforms such as Twitter, Facebook, Instagram,
and YouTube. These posts contain valuable information
regarding public opinions, trends, and emotions. However, the
content on social media is vast, unstructured, and written in
many different styles, including slang, emojis, short forms, and
mixed languages. Therefore, traditional methods of analyzing
opinions are ineffective.

There is a need for automated sentiment analysis systems that
can quickly and accurately determine whether a post expresses
a positive, negative, or neutral feeling. This study focuses on
solving the challenge of analyzing social media data using NLP
and machine learning techniques. The aim was to develop a
system that can process real-time social media text and provide
useful insights that help businesses, researchers, and decision-
makers understand public opinion and make better decisions.
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3 Objectives of Research

. To analyze social media data to identify and
classify sentiments into positive, negative, and neutral
categories.

. To develop and implement an automated
sentiment analysis model using Natural Language
Processing (NLP) and Machine Learning techniques.

. To Unstructured social media text is cleaned
and preprocessed by removing noise, such as URLs,
hashtags, emojis, punctuation, and irrelevant
characters, for improved model accuracy.

. To visualize sentiment patterns and trends
using charts, graphs, and word clouds to better
understand public opinion across social media
platforms.

4.Hypothesis of the Study
Null Hypothesis (Ho):

There is no significant improvement in sentiment classification
accuracy when natural language processing (NLP) and machine
learning techniques are used to analyze social media data.

Alternative Hypothesis (H.):

Using Natural Language Processing (NLP) and Machine
Learning techniques significantly improves the accuracy and
efficiency of sentiment classification in social media data.

5.Review of Literature

Sentiment analysis has been widely studied by researchers in
recent years, especially with the growth of social media
platforms, such as Twitter, Facebook, and Instagram. Early
studies used lexicon-based methods, such as VADER and
SentiWordNet, which rely on predefined dictionaries of positive
and negative words. These methods are easy to use but often
struggle with informal language, slang, and sarcasm, which are
commonly found on social media.

Later, researchers introduced machine learning models such as
Naive Bayes, SVM, and Logistic Regression using features such
as bag-of-words and TF-IDF.

These models improved accuracy but still had difficulty
understanding the deeper meaning and context of the text.

With advancements in deep learning, approaches using CNNs
and LSTMs have become popular because they can learn
patterns and relationships in sentences more effectively. More
recently, transformer-based models such as BERT, RoBERTa,
and DistilBERT have become state-of-the-art as they can
understand context, sarcasm, and long-distance word
relationships more effectively.

Several studies have analyzed public opinions on transportation,
health, and environmental topics using social media posts. For
example, research shows that people tend to express more
negative sentiments about transportation services when they
face delays but rarely post positive messages when the service

is good. Other studies have found that sentiments about air travel
became more negative after the COVID-19 pandemic.

Overall, previous research highlights that public sentiment
changes significantly based on current events or personal
experiences. However, only a few studies have compared
sentiments before and after the COVID-19 pandemic, especially
regarding air quality and eco-friendly transportation. This
creates a research gap, and the present study aims to contribute
to the literature by analyzing how people’s sentiments about
these topics have evolved over time.

The major steps for sentiment analysis are as follows:
Converting text in tweets to lower case.

The most common stop words , such as a, about, and above,
were removed .

Non-character texts, such as punctuation and emojis , were
removed from the text in the tweets.

Repeated words, URLs, and numbers were filtered and

removed from the text.

Tokenization was performed to convert texts into tokens, that
is, to split sentences into smaller units or words.

6.Research Methodology / Research Design
6.1 Data Collection

The dataset was collected from the Kaggle website. The data
consisted of user-generated text posts containing opinions,
comments, and likes related to the trending topics. Each record
included attributes such as text content, platform name, and
sentiment labels (positive, negative, and neutral).

6.2 Data Preprocessing

Raw social media data often contain noise, such as URLs,
hashtags, mentions, punctuation marks, emojis, and stop words.
The following preprocessing steps were performed to ensure
high-quality input for the analysis:

Text Cleaning: Removal of special characters, links, numbers,
and unnecessary symbols.

Lowercasing: All text was converted to lowercase for
uniformity.

Tokenization: Splitting the text into individual words or
tokens.

2

Stop-word Removal: Eliminating common words (e.g., “is ,
“the ,” and ‘“and”) that do not add meaning.

Lemmatization/Stemming: Reducing words to their base or
root forms (e.g., “running” — “run”).

6.3 Visualization and Interpretation

Visualization tools, such as Matplotlib and Wordcloud, were
used to interpret the results.
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Word cloud :
sentiment category.

Displays frequently used words for each

Bar and Pie Charts: Showed sentiment distribution across
positive, negative, and neutral classes.

6.4 Tools and Technologies Used
Programming Language: Python

Libraries: Pandas,
WordCloud, NLTK

NumPy, Scikit-learn, Matplotlib,

Environment: Jupyter Notebook

7. Proposed Work

The proposed work focuses on designing and implementing a
machine learning—based sentiment analysis system capable of
analyzing and classifying social media data into positive,
negative, and neutral categories. The system aims to extract
meaningful insights from large volumes of user-generated
content using Natural Language Processing (NLP) techniques
and predictive models.

The proposed work was implemented using Python and its
associated libraries, such as NLTK, Scikit-learn, Matplotlib, and
WordCloud. The development was carried out in a Jupyter
Notebook or Google Colab environment.

The implementation involves the following:

. Data acquisition and pre-processing .

. Model development and training  were
performed .

. Evaluation and comparison of the different
algorithms.

. Visualization and result interpretation :

Expected Outcome

A reliable sentiment analysis model that classifies social media
text into sentiment categories.

Visualization of sentiment trends across various topics.

It has improved accuracy and efficiency compared to traditional
text classification methods.

This flexible system can be further expanded for real-time or
multilingual sentiment analysis.

8. Discussion

The sentiment analysis model was implemented using various
machine learning algorithms, such as Naive Bayes, Logistic
Regression, and Support Vector Machine (SVM). The
performance of each model was evaluated using standard
metrics, including accuracy, precision, recall, and F1-score.

Visualization tools, such as word clouds and sentiment
distribution graphs, were used to represent the results. The word
cloud highlighted frequently occurring positive and negative
terms, whereas the sentiment distribution plot showed that most

users expressed positive sentiment, followed by neutral and
negative sentiments.

Overall, the findings confirm that sentiment analysis is a
powerful tool for understanding public opinion, brand
perception, and social trends, offering valuable insights for
businesses, organizations and policymakers.
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9. Findings and Suggestions
Findings

1. The analysis revealed that the majority of
social media users expressed positive sentiments
toward trending topics, while a smaller portion
displayed negative or neutral opinions.
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2. Preprocessing techniques , such as text
cleaning, stop-word removal, and lemmatization ,
significantly improved the accuracy of sentiment
classification models.

3. The use of TF-IDF feature extraction helped
capture  the most relevant words and phrases
contributing to sentiment polarity.

4, Visualization tools , such as word clouds and
sentiment distribution charts , effectively highlighted
commonly used words and the overall emotional tone
of the dataset.

Suggestions

1. The integration of emoji and hashtag analysis
could improve sentiment detection in informal or
short-text content.

2. Implementing real-time sentiment monitoring
dashboards can help organizations instantly track
audience reactions .

3. Further improvement can be achieved by
incorporating multilingual sentiment analysis,
allowing a  broader analysis across different
languages.

4. Regular updates to preprocessing techniques
and slang dictionaries can make the model more
adaptable to the evolving language of social media

10. Future Enhancement

. Real-Time Sentiment Monitoring: The project can be
expanded into a real-time sentiment tracking system that
collects and visualizes live data from platforms such as
Twitter and Facebook using APIs. This would be beneficial
for organizations to monitor public opinion instantly.

. Inclusion of Emojis and Hashtags: Future work can
focus on incorporating the semantic meaning of emojis,
hashtags, and slang terms, which often carry strong emotional
cues and influence sentiment polarity.

. Aspect-Based Sentiment Analysis: Instead of
classifying the overall sentiment, the system can be enhanced
to perform aspect-based analysis, identifying sentiments
toward specific features or entities (e.g., a product’s price,
quality, or service).

. Interactive Visualization Dashboard: Developing an
interactive web dashboard using tools such as Plotly, Dash,
or Tableau would allow users to dynamically visualize
sentiment trends and topic distributions .

[ ]

11. Limitations of the Study

. Limited Dataset Size: The analysis was conducted on
a limited volume of social media data, which may not fully
represent the diversity of opinions and linguistic variations
across different user groups and platforms.

. Language and Regional Constraints: This study
primarily focused on English-language posts. Consequently ,
sentiments expressed in regional or multilingual content were
not analyzed, limiting the model’s applicability to non-
English datasets.

. Handling of Emojis and Hashtags: Emojis, hashtags,
and informal abbreviations , which carry significant

emotional meaning , were not fully utilized in the sentiment
analysis, affecting the accuracy of certain classifications.

. Imbalanced Data Distribution: The dataset contained
unequal proportions of positive, negative, and neutral
samples, which may have biased the model’s predictions
toward the majority class.

12. Result

The results of this study demonstrate that the application of
Natural Language Processing (NLP) and Machine Learning
techniques  significantly —improves the accuracy and
effectiveness of sentiment analysis on social media data. After
preprocessing the dataset obtained from Kaggle and training
multiple models, the system was able to classify sentiments into
positive, negative, and neutral categories with high accuracy.

Among the models tested, the TF-IDF + Logistic Regression
model performed better than traditional lexicon-based methods
such as VADER, showing improved contextual sentiment
detection. However, the RoOBERTa transformer model achieved
the highest performance because of its ability to understand
contextual cues, slang, and informal language commonly found
in social media posts.

The RoBERTa model achieved the highest overall accuracy and
macro Fl-score, indicating a strong performance across all
sentiment categories, including minority classes. In contrast,
lexicon-based approaches struggle with sentences containing
sarcasm, emojis, or mixed opinions. Visualizations, such as the
sentiment distribution bar chart and word clouds, reveal a higher
frequency of positive words in the dataset, although a substantial
portion of the tweets also expresses negative opinions.

The results confirm the study’s hypothesis that NLP and
Machine Learning techniques significantly enhance the
accuracy of sentiment classification. The experiment also
showed that data preprocessing, such as cleaning, tokenization,
and lemmatization, contributed substantially to improving the
model performance by reducing noise and inconsistencies in the
dataset.

13.Conclusion

This study demonstrated the effectiveness of Natural Language
Processing (NLP) and Machine Learning techniques in
analyzing sentiments expressed on social media platforms. By
collecting a publicly available dataset from Kaggle, applying
comprehensive  preprocessing steps, and implementing
sentiment classification models, this study successfully
identified positive, negative, and neutral opinions from user-
generated text. The use of data cleaning techniques, such as
lowercasing,  tokenization, stop-word removal, and
lemmatization, significantly improved the data quality and
model accuracy. Visualization tools, including word clouds and
sentiment distribution charts, provided valuable insights into
public opinion trends and helped to interpret the results more
clearly. The findings of this study confirm that NLP and
Machine Learning greatly enhance the accuracy and efficiency
of automated sentiment analysis. Furthermore, this study
highlights the dynamic nature of public sentiment and the
importance of analyzing social media data as a real-time
indicator of public opinion. Future research can expand this
work by incorporating deep learning models, large-scale
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datasets, multilingual sentiment analysis, and context-aware
approaches, such as sarcasm detection, to further improve
performance and applicability.
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