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Abstract-The goal of social media sentiment
analysis is to better understand what people
think and feel through digital (Internet)
channels. Many different methods are
available for conducting sentiment analysis
in the social media space, including Natural
Language Processing (NLP), Machine
Learning (ML), and Deep Learning (DL)
techniques. = When  researching  the
NLP/ML/DL methods that have been used
for conducting sentiment analysis on social
media data, as well as various forms of
visualization (e.g., dashboards, clouds of
words, trend analysis, etc.) that serve to
improve users' interpretations of the shape
and direction of social media sentiment
patterns, it is critical to be aware of the
current limitations surrounding the
methodology and process of conducting
sentiment analysis and how the use of
visualization can help decision-makers
utilize data-driven strategies and make more
effective and informed decisions.

I. Introduction

Social media has become a major source of
UGC (User Generated Content) where people
share their feelings, thoughts, and experiences
about products, services, events, and social
issues. With the rapid increase in the amount of
data generated through social media, there are
now greater opportunities for organization

and research to use this data to comprehend the
overall emotional response of the public

and discover valuable insights.

Social media sentiment analysis classifies and
identifies the expressed opinions in the textual
data from social media into positive, negative,
and neutral categories by using Natural
Language Processing (NLP), machine learning,
and deep learning approaches. The
aforementioned research has shown that
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legitimised lexicon-based methods, historical
MLMs, and advanced DLMs provide improved
accuracy for sentiment analysis categorization.
There have also been some barriers to
successful sentiment analysis; for example,
informal language, sarcastic statements, emojis,
multi-lingual text, and noise within the data can
negatively impact analysis outcomes; therefore,
researchers have implemented new hybrid
methods and context-aware approaches to help
overcome these barriers.

Visualisation of analyzed sentiment data is
crucial to the success of sentiment analysis. The
use of several tools (dashboards, sentiment
timelines, word clouds, and interactive charts)
to visualise analyzed sentiment data will help to
provide a simple method to understand the data
trends, patterns, and overall emotions by time
period. The incorporation of sentiment analysis
with data visualisation will assist in improving
decision-making by allowing for real-time
monitoring and comparisons of sentiment data.

As a result, the following literature review
will provide a comprehensive understanding of
the key concepts and ideas that comprise the
elements of sentiment analysis and
visualisation.

II. Literature Survey

A. Opinion Mining and Social
Media Data

WORKFLOW OF SOCIAL MEDIA SENTIMENT ANALYSIS
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determine polar

FIGURE 1: WORKFLOW OF SOCIAL MEDIA SENTIMENT ANALYSIS.

Prior research verifies that social media
creates massive amounts of unstructured
information, which contains a wealth of
publicly available opinions. Researchers use
opinion mining methods to extract the
sentiment from social media posts, comments,
reviews, hashtags, and emojis.

Most of the early studies have used keyword-
based and rule-based methods, but more recent
studies have stressed the importance of using

context-aware methods in their analyses. The
social media data being studied has been
identified as highly changeable, informal, and
multilingual; according to researchers it is
complicated to extract sentiments from such
dynamic and informal data and there have been
different methods (e.g., tokenization, stop word
removal, and normalization) used by the
various researchers to account for this dynamic
and informal nature of social media data
through data preprocessing.

Ethical issues are also a discussion within the
literature relating to how the research is
conducted (i.e., regarding data privacy and data
bias). The prevailing conclusion in the literature
is that the use of opinion mining on social
media data is an important part of
understanding the behaviour and public
perceptions in real-time.

B. Types of Techniques for
Sentiment Analysis
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This word cloud visually represents terms from social media data. Larger words like EXCELLENT' and TERRIBLE'
indicate higher frequency and importance, providing an instant summary of positive and negative sentiment
distribution across key categories like service and product.

FIGURE 2 WORD C; EQUI INSOCIAL MEDIA DATA

There are 3 categories for existing techniques
to figure out content based on what people
think. They are lexicon-based, machine
learning-based and deep learning-based
methods. Lexicon based methods are easy to
use as people use dictionaries that tell them
what the polarity is but sometimes can be
inaccurate due to their static nature.

Machine learning models include the Naive
Bayes model, Support Vector Machines, and
Decision Trees to enhance model performance
through learning via training data sets.
Recently, there has been a lot of research
traction done in developing deep learning
models like LSTM networks, Convolutional
Neural Networks (CNN), and transformer
networks, which can accurately capture
meaning for sentences in context better than
previous iterations.

In addition, multiple models have been
developed that can be classified as hybrid
models (models using both lexicons and
traditional ML methods) to create more
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accurate predictions than either method alone.
Even with significant advancements made
through AI ML / NLP, there are continuing
challenges associated with things like slang,
sarcasm, and domain dependency behaviour of
users and their collective overall public opinion
at any point in time.

C. Sentiment
Visualization Techniques

Analysis

SENTIMENT DISTRIBUTION (Bar/Pie Charts)

Pie Chart Grouped Bar Chart
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FIGURE 3 GRAPHCAL NEGATIVE, AND NEUTRAL

Research has demonstrated that visualization
plays an important role in the interpretation of
results from sentiment analysis. Researchers
have proposed visual representations (such as
bar charts, pie charts, timelines of sentiment
distributions, heat maps, and word clouds) for
communicating the various distributions of
sentiment (e.g. happy, sad, angry). There are
also many interactive dashboards created using
tools like Power BI, Tableau and libraries in
Python that enable users to visualize and
explore trends of sentiment change over time.

The use of visualizations is a common means
of simplifying complex outputs of an analysis
and making comparisons amongst multiple
subjects (e.g. topics or platforms). According to
the literature, using visual representations of
sentiment will aid non-technical people to
develop a fuller understanding; therefore
improve the ability of decision makers to make
strategic business decisions. Effective use of
visualization can therefore help to make the
distinction between raw data from sentiment
and actionable business

D. Applications, Challenges and
Gaps in Research

Current studies provide a variety of potential
uses for social media sentiment analysis;
including various areas of market research,
governmental activities, healthcare, financial
institutions, and emergency management.
Visualization techniques allow companies and

government agencies access to sentiment
information about customers in order to gauge
how satisfied customers are with their current
product.

Although there have been a wide range of
studies published regarding the application of
social media sentiment analysis there are
several challenges encountered—including
data noise, multilingual data, sarcasm, fake
reviews, and evolving language. Many of the
published studies are limited by using a very
small or narrow data set and not providing a
way to visualize sentiment on a real-time basis.

In addition to these challenges, future research
needs to address additional research gaps with
measurable advancements in scaling, emotion
level, and development of more sophisticated
interactive visual techniques for use with Al-
driven sentiment analysis combined with real-
time visual analytics for providing more
accurate and meaningful insights clearer.

III. Observations from
Literature

A. Social Media Data Increasing

Literature consistently highlights dramatic
increase in user generated content on social
media. This massive amount of real-time data
provides ample opportunities for sentiment
analysis; however, it also adds to the
complication of handling, storing and
processing data.

B. Sentiment Analysis is Critical to
Understanding Public Opinion,
Customer Satisfaction, and Social
Trends

Research indicates that sentiment analysis is

an important part of understanding public
opinion, customer satisfaction, and social
trends, and it supports informed decision-
making across many domains.

C. The Unstructured Nature of
Data

Researchers have found that most social media
data is unstructured, informal, and noisy.
Examples of clutter include slang terms, text
abbreviations, emojis, and spelling errors,
which lead to inaccuracies in analysis.
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D. Lexicon-Based Sentiment

Analysis

According to the literature, lexicon-based
approaches to sentiment analysis are easier to
use and interpret than other approaches;
however, lexicon-based approaches do not
consider the contextual meaning of a statement,
identify sarcasm in a statement, or determine
the sentiment based on the domain of the
statement.

E. Machine Learning Approaches

Researchers have found that machine learning
approaches (Naive Bayes and Support Vector
Machines) result in better sentiment
classification when used with a labeled dataset.

F. Deep Learning Approaches

Recent research promotes the use of new deep
learning approaches (LSTM and CNN) to
improve understanding of the context of the
content in social media data; however, deep
learning  approaches require  significant
computational resources.

G. The Multilingual Nature of the
Content

The multilingual nature of social media
content presents challenges to the ability to
conduct sentiment analysis and, therefore,
provides a need for language detection and
language translation methods to ensure that the
analysis is accurate.

H. Sarcasm and Irony Detection

Researchers report that detecting sarcasm
and irony continues to be difficult, leading to
frequently misclassified results from sentiment
analysis systems.

I. Data Pre-processing Role

Preprocessing was identified as a critical
methodology to improve prediction accuracy

through tokenizing, normalizing, and removing

noise.
J. Data Visualization for
Interpretability

Literature reinforces that visual display of
complex sentiment results enhances the ability
to interpret them by people who aren't
technically trained.

K. Dashboard-Based Analysis

DASHBOARD VISUALIZATION
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FIGURE 5: INTERACTIVE DASHBOARD FOR SENTIMENT ANALYSIS

The analysis of the various sentiment trends is
greatly enabled by dashboards through their
ability to perform interactive searches over time
and topic.

L. Real-Time
Monitoring

Sentiment

There has been an increasing amount of
research focused on the real-time analysis of
sentiment data, as this allows for the quick
making of decisions.

M. Application Domains

Many researchers have conducted studies in
the application of sentiment data to marketing,
politics, medicine, and brand reputation
management.

N. Ethical and Privacy Concerns

Researchers have noted an increase in the
concern of data privacy, consent of user data,
and other ethical uses of social media data.
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O. Scalability Issues

Literature reviews have noted problems with
scalability, as it relates to the processing of
large, high-velocity social media data.

P. Research Gaps

Studies that have been conducted describe
deficits in the area of emotion-level analysis,
sarcasm detection and advanced visualization
that can be perceived as an opportunity for
further study.

IV. Conclusion

The literature review on social media
sentiment analysis and visualization indicates
there is an increased need for extracting and
interpreting public opinion as it can be done on
Social Media. Because of the growth of user-
generated content, sentiment analysis is a
valuable resource to understand how customers
view products, emerging social trends, and the
public's response to events across multiple
domains.

The research reviewed shows that social
media data gives real-time and large-scale data
that traditional methods of obtaining feedback
often cannot collect.

Research has shown that since the
development of sentiment analysis, researchers
have evolved from basic lexicon-based
methods of measuring sentiment to more
advanced machine learning and deep learning
methods.

Lexicon-based approaches have been widely
accepted due to their ease of use, as well as their
transparency; however, these methods cannot
effectively measure sentiment because they do
not consider context, sarcasm, or identify
domain-specific phrases. Machine learning
techniques are more advanced than lexicon-
based approaches, as they have an enhanced
ability to classify sentiment based on a set of
labeled data; however, they rely on a dataset of
labeled data to train and improve the model's
performance.

Newer deep learning models, including
complement recurrent and transformer
architectures, provide a greater understanding
of the context and a better representation of the
semantic meaning associated with a
community; however, they require access to
extremely high levels of processing ability and

large amounts of training data. Although
researchers have developed more sophisticated
tools for measuring and classifying sentiment,
they still face several challenges, including the
existence of noisy data, use of informal
language, existence of multiple languages, and
the rapid growth and evolution of social media.

As such, researchers have consistently
identified visualization of the results as an area
that supports and enhances the interpretability
of the sentiment results derived from sentiment
analysis.

The Literature Consistently Identifies Visualization
as Being An Important Aspect of the Output of
Sentiment Analysis, Which Can Enhance the
Interpretation of Sentiment Analysis.
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