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Sentiment analysis is the computational study of emotions, opinions, and attitudes expressed in text. Over the
vears, this field has advanced from basic lexicon-based approaches, which relied on predefined word lists, to
sophisticated machine learning and deep learning techniques capable of detecting and interpreting sentiment
patterns across vast datasets. This paper provides a comprehensive, concept-centric literature review of sentiment
analysis, examining its evolution, diverse models, and extensive applications. It critically addresses key challenges
in the field, such as handling language complexities—including sarcasm, context dependency, and the necessity
for cross-domain adaptability. Notably, this review introduces a novel framework for understanding sentiment
analysis advancements and identifies emerging trends and research gaps. By evaluating the evolution and current
state of sentiment analysis research, this paper not only highlights significant trends but also proposes new
directions for future exploration. Ultimately, this work aims to deepen the understanding of this rapidly evolving

Computational ~ Linguistics, Data
Mining.

1.0 INTRODUCTION

Sentiment analysis, also known as opinion mining, is a
subfield of natural language processing (NLP) that
focuses on identifying, extracting, and categorizing
sentiments expressed in textual data. It plays a crucial
role in various applications, such as social media
monitoring, customer feedback analysis, and market
research, by automatically processing and interpreting
the subjective information embedded in vast amounts of
text data. The rise of the internet and the proliferation of
social media platforms have significantly amplified the
volume of user-generated content, making sentiment
analysis an essential tool for businesses, policymakers,
and researchers to gauge public opinion and make
informed decisions.

At its core, sentiment analysis is built on several
foundational concepts, such as sentiment polarity
(positive, negative, or neutral), the distinction between
subjectivity and objectivity, and emotion detection.
These concepts are the building blocks for algorithms
and models designed to process unstructured text and
determine the underlying sentiment.Sentiment analysis
encompasses various types, each designed to address
specific analytical needs within textual data. These types
include fine-grained sentiment analysis, aspect-based
sentiment analysis, emotion detection, multimodal
sentiment analysis, and intent detection.

domain and provide valuable insights for future research.

Fine-Grained Sentiment Analysis: This approach
categorizes sentiment into more detailed levels beyond
the simple positive, negative, or neutral classification.
For example, a review might be rated on a five-point
scale, ranging from very negative to very positive,
offering more nuanced insights into customer
opinions.Aspect-Based Sentiment Analysis (ABSA):
ABSA focuses on identifying sentiments toward specific
aspects or features within a text, such as the battery life
or design of a smartphone in a review. This type of
analysis is crucial for businesses looking to understand
customer sentiment toward individual attributes of a
product or services.Emotion Detection: Beyond
identifying general sentiment, emotion detection aims to
detect specific emotions like joy, anger, sadness, or
surprise. This type of analysis provides deeper insights
into the emotional states of users, which can be
particularly valuable in areas like customer service and
healthcare.

Multimodal Sentiment Analysis: This emerging type
of sentiment analysis integrates multiple data sources,
such as text, images, and audio, to provide a more
comprehensive understanding of sentiment. It is
especially relevant in social media contexts, where users
often communicate using a combination of text, emojis,
images, and videos.
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Intent Detection: Although not traditionally considered
a form of sentiment analysis, intent detection is
increasingly being recognized as a complementary area
within the field. Intent detection involves identifying the
underlying intention or purpose behind a user's text, such
as a desire to make a purchase, seek information, or
express a complaint. Unlike sentiment analysis, which

2.0 LITERATURE REVIEW

Historical Evolution of Sentiment Analysis

The evolution of sentiment analysis can be traced back
to the early 20th century when the focus was primarily
on understanding public opinion. During this period,
sociologists and political scientists began to
systematically study public sentiment regarding various
social and political issues. These pioneering efforts laid
the groundwork for sentiment analysis by introducing
the concept that public sentiment could be quantified and
analyzed in a structured manner (Méntyld, Graziotin,
&Kuutila, 2016)[1].

By the mid-20th century, the study of subjectivity in
language had emerged as a key area of interest within
linguistics. Researchers began to explore how people
express opinions, emotions, and sentiments through
language, emphasizing the need to understand not just
the content of the message but also the subjective
nuances of how it is conveyed. This research was pivotal,
as it underscored the potential for text to carry subjective
meanings—a foundational concept that would later
become central to the development of sentiment analysis
(Pang & Lee, 2008)[2]

The field of computational linguistics began to take
shape during the 1960s and 1970s, marking a significant
turning point in the development of sentiment analysis.
Early sentiment analysis techniques were rudimentary,
often relying on basic keyword-spotting methods. These
approaches identified specific words as indicators of
positive or negative sentiment, but they were limited in
their ability to grasp the context or the subtleties of
language. Despite these limitations, these early efforts
were crucial in establishing the foundational framework
that would eventually support more sophisticated
approaches to sentiment analysis (Maéntyld et al.,
2016)[1].

By the 1990s, with the increasing availability of digital
text data and significant advancements in natural
language processing (NLP), sentiment analysis began to
emerge as a distinct research area. During this period,
researchers concentrated on subjectivity analysis, which

focuses on the emotional tone of the text, intent detection
aims to classify the functional aspect of the
communication. For instance, in customer service, intent
detection can help identify whether a user intends to
report an issue, ask for help, or provide feedback, thus
enabling more targeted and effective responses.

sought to distinguish between objective and subjective
text. This distinction was essential for sentiment
analysis, as it allowed researchers to focus specifically
on analyzing the sentiment within subjective text (Pang
& Lee, 2008; Liu, 2012)[2][3]

The early 2000s marked a significant shift in sentiment
analysis research, driven by the rapid expansion of the
internet and the emergence of social media platforms.
Websites like Amazon, which featured user-generated
product reviews, and social networks such as Twitter and
Facebook, where users frequently shared opinions on a
wide range of topics, provided vast amounts of
subjective text data for analysis (Méntyl4 et al., 2016)[1].
The advent of big data has had a profound impact on the
evolution of sentiment analysis. The enormous volumes
of data generated by social media, news articles, blogs,
and other online content sources have created both
opportunities and challenges. On one hand, big data
provides a rich source of information that can be used to
track public sentiment in real-time across various regions
and demographics. On the other hand, processing and
analyzing such large volumes of data requires scalable
and efficient algorithms (Hajiali, 2020)[4]. This era
witnessed the transition from basic sentiment analysis
techniques to more advanced machine learning models.
Researchers began to develop algorithms capable of
automatically classifying text based on its sentiment,
leveraging the large volumes of labeled data available
from online reviews and social media posts. Machine
learning models, particularly those utilizing supervised
learning techniques, quickly became dominant in the
field. These models were trained on datasets where texts
were annotated with their corresponding sentiments
allowing them to learn patterns associated with positive,
negative, or neutral sentiment (Pang & Lee, 2008; Qazi,
Raj, Hardaker, & Standing, 2017).[2][5]

How Sentiment Analysis Works

Sentiment analysis operates through a series of steps that
transform raw textual data into structured insights. The
process starts with text preprocessing, followed by
feature extraction, sentiment classification, sentiment
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aggregation, and finally visualization and interpretation.
The process can be visualized as shown in the image Fig.
1 below:

Text Preprocessing | ==——p Feature Extraction s

Classification

Sentiment Visualization and
Aggregation Interpretation

Fig 1: Sentiment Analysis Process

i.Text Preprocessing: Before analysis, the text data must
be cleaned and prepared. This involves tasks such as
tokenization (splitting text into individual words or
phrases), removing stop words (common words like
"the," "is," and "and"), and normalizing text.

ii.Feature Extraction: After preprocessing, the next step
is to extract features from the text that can be used by the
sentiment analysis model. This might involve identifying
n-grams (combinations of words), parts of speech, and
sentiment-bearing words. In more advanced systems,
deep learning models can automatically learn these
features from the data.

iii.Sentiment Classification: This is the core step where
the actual sentiment analysis takes place. Depending on
the approach, this could involve:

a. Lexicon-Based Methods: Using predefined lists
of words with assigned sentiment scores.

b. Machine Learning Methods: Training models
such as Support Vector Machines (SVM), Naive
Bayes, or deep learning models like Recurrent
Neural Networks (RNNs) or Convolutional
Neural Networks (CNNs) to classify sentiment.

c. Hybrid Methods: Combining lexicon-based and
machine learning methods for improved
accuracy.

iv.iv. Sentiment Aggregation: In cases where the analysis
is done on multiple pieces of text (e.g., product reviews),
the sentiment scores from individual pieces are
aggregated to provide an overall sentiment score or
distribution.

v.v. Visualization and Interpretation: The final step
often involves presenting the sentiment analysis results
in a way that is easy to understand. This could include
visualizations like sentiment graphs, word clouds, or
sentiment timelines.

2.1 Fundamental Theories and Models in Sentiment
Analysis

2.1.1 Lexicon-Based Approaches

In the early stages of sentiment analysis, lexicon-based
approaches were the most widely used method. These
approaches relied on predefined sentiment lexicons—
lists of words categorized as positive, negative, or
neutral. The sentiment of a text was determined by
counting the occurrences of these words and calculating
an overall sentiment score based on the frequency and
polarity of the words found in the text. This method was
straightforward and easy to implement, making it a
popular choice in the initial development of sentiment
analysis tools.

However, despite their simplicity, lexicon-based
approaches had significant limitations. One of the most
prominent issues was their inability to capture the
complexities and nuances of human language. For
instance, lexicon-based methods often struggled with
sarcasm, where the literal meaning of words could be
opposite to the intended sentiment. Additionally, these
methods were inadequate at handling context-dependent
meanings and the impact of negation (e.g., "not bad"
being positive rather than negative) (Hutto & Gilbert,
2014; Ravi & Ravi, 2015)[6][7]. As a result, while
lexicon-based approaches provided a useful starting
point, they were insufficient for accurately capturing the
full range of sentiment expressed in more complex or
nuanced texts. Recent research has focused on improving
lexicon-based methods by integrating them with
machine learning techniques. For example, a hybrid
approach combining lexicon-based methods with
machine learning has been shown to improve sentiment
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classification accuracy by leveraging the strengths of
both methodologies (Taboada et al., 2016)[8].

2.2.2 Machine Learning Models

The limitations of lexicon-based methods led to the
exploration of more sophisticated approaches,
particularly those involving machine learning. Machine
learning models marked a significant shift in sentiment
analysis, enabling systems to learn from data rather than
relying solely on predefined rules or lexicons.

Support Vector Machines (SVM), Naive Bayes, and
Decision Trees were among the first machine learning
models used in sentiment analysis. These models require
a labeled dataset where text examples are annotated with
their corresponding sentiment (positive, negative, or
neutral). The model learns from this data by identifying
patterns and associations between the features (such as
word frequencies, n-grams, or part-of-speech tags) and
the sentiment labels. Once trained, the model can classify
new, unseen texts based on the features it has learned to
recognize.

Machine learning models offer advantages over lexicon-
based approaches in handling more complex and subtle
language features. SVMs, for instance, can create
decision boundaries that effectively separate positive and
negative sentiments in high-dimensional feature spaces,
while Naive Bayes models can calculate the probability
of a sentiment given the presence of certain words or
phrases in the text. These models can adapt to different
domains and languages more effectively than static
lexicons (Umar M, 2021)[9].

2.2.3 Neural Networks and Deep Learning Models
As the field of sentiment analysis progressed, researchers
began to adopt deep learning techniques, which offered
even greater flexibility and power than traditional
machine learning models. Neural networks, particularly
deep learning models, became increasingly popular due
to their ability to automatically learn hierarchical
representations of text data, capturing complex patterns
that were previously difficult to model.

Convolutional Neural Networks (CNNs), initially
developed for image processing tasks, were adapted for
text classification. CNNs are effective at capturing local
features within text, such as specific word combinations
or n-grams that indicate sentiment (Mariappan et al.,
2023)[10]. By applying convolutional filters across the
text, CNNs can detect patterns that contribute to the
overall sentiment, making them particularly useful for

shorter texts like tweets or product reviews as
demonstrated in various studies(Yue & Lei, 2023)[11].
Recurrent Neural Networks (RNNs), and more
specifically Long Short-Term Memory (LSTM)
networks, introduced the ability to handle sequential
dependencies in text. RNNs are designed to process
sequences of data, making them well-suited for
sentiment analysis tasks where the order of words is
crucial for understanding context. LSTMs, a type of
RNN, are particularly effective at managing long-term
dependencies, which helps in capturing the sentiment
expressed in longer texts or complex sentences where the
sentiment may depend on earlier parts of the text
(Kathiravan et al., 2024)[12].

The introduction of Transformer models marked a
significant leap forward in sentiment analysis. The most
notable model, BERT (Bidirectional Encoder
Representations from Transformers), processes text
bidirectionally, meaning it considers the context from
both preceding and following words in a sentence. This
bidirectional processing, combined with attention
mechanisms, allows Transformer models to weigh the
importance of different words in a sentence differently,
leading to more accurate sentiment classification,
especially in texts where the sentiment is subtle or
context-dependent (Devlin et al., 2019)[13].

2.2.4 Hybrid Approaches

Hybrid approaches in sentiment analysis involve
combining the strengths of lexicon-based methods with
machine learning or deep learning models to enhance
performance. These approaches aim to address the
limitations inherent in using a single method by
leveraging the complementary advantages of different
techniques.

For instance, a hybrid model might use a lexicon-based
approach to handle sentiment-laden words and phrases
while employing a machine learning model like SVM or
a deep learning model like LSTM to capture more
complex patterns and context that the lexicon cannot
address on its own. This combination can lead to
improved accuracy and robustness in sentiment analysis,
particularly in scenarios where the text is diverse and
contains varying expressions of sentiment (Kathiravan et
al., 2024)[12].

Another example of a hybrid approach is the integration
of rule-based methods with machine learning algorithms.
Rule-based methods can be used to pre-process the text
or handle specific linguistic constructs such as negation,
while machine learning models classify the sentiment.
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This hybrid method benefits from the precision of rule-
based processing and the adaptability of machine
learning models, making it a powerful tool for sentiment
analysis across different domains and languages.

2.3 APPLICATIONS OF SENTIMENT ANALYSIS
Social Media Monitoring and Brand Management

In the realm of social media, sentiment analysis plays a
crucial role in understanding public sentiment towards
brands, products, and services. Companies use this tool
to monitor feedback in real-time, allowing them to
respond to customer concerns, handle crises, and
improve overall brand perception. For instance, Priyamal
& Rupasingha (2023) applied sentiment analysis to
Twitter data in the tourism industry of Sri Lanka during
the COVID-19 pandemic. They achieved 91% accuracy
in categorizing tweets into positive, negative,
commercial, or neutral sentiment, providing tourism
stakeholders with actionable insights for strategic
decision-making (Priyamal & Rupasingha, 2023)[14].
Similarly, Dahish & Miah (2023) explored sentiment
analysis across social media platforms and found that
businesses could enhance customer engagement,
transparency, and decision-making by tracking real-time
patterns in customer behavior and sentiment (Dahish &
Miah, 2023)[15].

Market Research and Consumer Insights

In market research, sentiment analysis is used to
understand consumer opinions and predict market
trends. It provides valuable insights that help companies
refine their marketing strategies, product development,
and customer engagement approaches. For example,
Yaqub (2022) performed a bibliometric analysis focused
on sentiment analysis in the tourism industry during the
COVID-19 pandemic. The study emphasized how
businesses could adapt their marketing strategies by
analyzing consumer sentiment on social media
platforms, thus allowing them to meet changing
customer demands (Yaqub, 2022)[16]. Additionally,
Espina-Romero et al. (2023) explored how sentiment
analysis can be applied in Industry 5.0 to track consumer
sentiment toward emerging technologies in sectors like
electronics and energy. Their findings showed that
sentiment analysis could be used to assess public
acceptance of new technologies, enabling companies to
refine their innovation strategies (Espina-Romero et al.,
2023)[17].

Financial Market Analysis

In the financial sector, sentiment analysis has become an
essential tool for predicting stock price movements,
assessing investor sentiment, and guiding trading
strategies. By analyzing data from social media
platforms, financial news, and other text sources,
sentiment analysis provides a new layer of insight that
can complement traditional financial indicators. Liu
(2023) applied sentiment analysis to predict Apple Inc.'s
stock price using data from Twitter and StockTwits. The
research showed that incorporating sentiment indicators
into traditional ARIMA models significantly improved
the accuracy of stock price predictions (Liu, 2023)[18].
Furthermore, Gherghina et al. (2023) employed quantile
regression and wavelet analysis to examine how investor
sentiment, derived from Google Search Volume (GSV)
and the Twitter-based Market Uncertainty Index (TMU),
affected major global equity markets during the COVID-
19 pandemic. Their findings revealed a strong
correlation between negative investor sentiment and
market fluctuations, particularly in U.S. and European
markets (Gherghina et al., 2023)[19]. These studies
show that sentiment analysis has the potential to enhance
financial forecasting models, offering traders and
investors a competitive advantage.

Healthcare and Public Health

Sentiment analysis has become increasingly important in
the healthcare sector, helping health organizations track
public sentiment toward health policies, patient
experiences, and health crises like the COVID-19
pandemic. By monitoring social media discussions,
reviews, and surveys, healthcare providers can better
understand patient concerns and adjust their strategies
accordingly. Jain & Kashyap (2023) analyzed public
sentiment toward COVID-19 vaccines using machine
learning and deep learning techniques. Their study found
that sentiment analysis provided real-time insights into
public attitudes toward vaccination, enabling healthcare
providers to address misinformation and increase
vaccine uptake (Jain & Kashyap, 2023)[20]. Similarly,
Alromema (2022) explored how sentiment analysis was
used during the COVID-19 pandemic to track public
reactions to health policies and vaccine rollouts, helping
governments craft better communication strategies in
response to public concerns (Alromema, 2022)[21].
These studies highlight how sentiment analysis supports
public health efforts by providing timely feedback on
public perceptions of healthcare policies and services.
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Political Analysis

In the political domain, sentiment analysis is widely used
to monitor voter sentiment, analyze public opinion on
policies, and gauge reactions to political events.

By interpreting social media data, governments and
political parties can gain insights into the electorate's
preferences and adjust their campaign strategies
accordingly. Ramadhan & Gunawan (2023) applied
sentiment analysis to Twitter data during the 2024
Indonesian presidential election to assess public
sentiment toward presidential candidates like Anies
Baswedan and Ganjar Pranowo.

Their study identified key voter concerns, providing
valuable insights for political campaign strategists
(Ramadhan & Gunawan, 2023)[22]. Another study by
Findawati et al. (2023) analyzed voter sentiment using
machine learning techniques such as Support Vector
Machine (SVM) and Naive Bayes. They demonstrated
that sentiment analysis could predict fluctuations in voter
sentiment based on political events, helping political
parties adjust their messaging strategies (Findawati et al.,
2023)[23]. These examples show how sentiment analysis
plays a critical role in shaping political strategies by
providing real-time insights into voter preferences and
opinions.

Table 1: Recent Applications of Sentiment Analysis (2022-2024)

Domain Study Year Application Key Findings
Social Media  Priyamal & 2023  Sentiment analysis of Achieved 91% accuracy in categorizing
Monitoring Rupasingha tourism-related sentiment, helping the tourism sector respond
tweets to public sentiment during the pandemic.
Dahish & 2023 Sentiment analysis Identified patterns in social media data that
Miah for business improved customer engagement strategies and
engagement enhanced transparency in business decision-
making.
Market Yaqub 2022 Sentiment analysis Revealed how social media sentiment helped
Research trends in the tourism  businesses in the tourism sector adjust
industry strategies based on consumer concerns and
preferences during the pandemic.
Espina- 2023 Sentiment analysis Analyzed public sentiment toward emerging

Romero et al.

for consumer
acceptance in
Industry 5.0

technologies in electronics, manufacturing,
and energy, offering insights into consumer
acceptance of technological innovations.
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Financial Liu 2023 Predicting stock price Found that sentiment data from Twitter and
Market movements for Apple StockTwits played a pivotal role in improving

Analysis

Gherghinaet 2023 Investor sentiment

the accuracy of stock price predictions.

Demonstrated that investor sentiment strongly

al. analysis using GSV influenced equity market movements at lower

and TMU

Healthcare Jain & 2023 Public sentiment

quantiles during the COVID-19 pandemic.

Machine learning techniques helped track

and Public Kashyap toward COVID-19 vaccine acceptance and address public
Health vaccination concerns about misinformation and vaccine
hesitancy.
Alromema 2022 Sentiment analysis of Public sentiment analysis revealed concerns

public reactions

and misinformation regarding COVID-19,

during the pandemic  aiding governments in adjusting public health

Political Ramadhan & 2023 Voter sentiment
during 2024
Indonesian election

Analysis Gunawan

Findawati et 2023 Sentiment analysis
al. using machine

communication strategies.

Used sentiment analysis of Twitter data to
identify voter concerns and preferences,
helping political strategists tailor their
campaigns.

SVM and Naive Bayes models successfully
predicted voter sentiment fluctuations in

learning for elections response to political events, providing

actionable insights for campaign strategy.

3.0 FUTURE DIRECTIONS

The future of sentiment analysis is set to progress
significantly, fueled by continuous innovations in
artificial intelligence and natural language processing.
One promising avenue is the enhancement of more
advanced deep learning models, particularly those
designed to grasp subtle language features like sarcasm

and irony. Improving these models’ ability to accurately
recognize such nuances will be pivotal for boosting
sentiment analysis precision across various fields

Another important area for growth is the expansion of
sentiment analysis to accommodate multiple languages
and cultural contexts. While research has predominantly
focused on English, the global nature of communication
demands the development of powerful multilingual
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models. Building effective tools for under-resourced
languages and ensuring they are culturally attuned will
be a key challenge to making sentiment analysis
universally applicable (Mabokela et al., 2023)[24].
Moreover, integrating sentiment analysis with
multimodal data—such as images, videos, and audio—
presents exciting potential for more comprehensive
insights. This is especially relevant in the age of social
media, where users frequently convey sentiments using
both text and multimedia. Progress in this area could
greatly improve the ability to capture and interpret
emotions more holistically (Wang et al., 2022)[25].
Furthermore, addressing bias and fairness in sentiment
analysis systems will be increasingly vital as these
technologies are applied in sensitive and high-stakes
environments, such as recruitment and law enforcement.
Ongoing research into identifying, measuring, and
mitigating biases will be essential for ensuring the ethical
deployment of these tools (Lakshmi, 2023)[26].

Lastly, the rising demand for real-time sentiment
analysis in industries such as finance, marketing, and
public health will necessitate the creation of more
scalable and efficient models. Developing algorithms
that can swiftly process and analyze sentiments in real-
time, especially in the context of massive data, will be
crucial for leveraging sentiment analysis in rapidly
evolving environments (Tan et al., 2022)[27].

4.0 CONCLUSION

Sentiment analysis has evolved into a critical tool in the
digital age, enabling the automatic processing and
interpretation of vast amounts of textual data. From its
early lexicon-based methods to the advanced deep
learning techniques of today, sentiment analysis has
significantly improved in accuracy and application,
becoming indispensable across various domains such as
social media monitoring, customer feedback analysis,
and market research.

Despite the progress, challenges remain in accurately
interpreting the nuances of human language, such as
sarcasm and context, as well as in addressing the
complexities of multilingual sentiment analysis.
However, ongoing advancements in machine learning
and the integration of multimodal data hold promise for
overcoming these hurdles.

This paper has provided a comprehensive review of the
evolution, models, and applications of sentiment
analysis. It has also highlighted current research trends
and identified gaps that present opportunities for further
exploration. As sentiment analysis continues to grow,

addressing these challenges will be key to enhancing its
accuracy and expanding its applicability, contributing to
a deeper understanding of public opinion and human
sentiment.
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