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ABSTRACT

Sentiment analysis has become an integral part of natural language processing, especially in social media, where large
volumes of user-generated content are readily available. This review delves into the various deep learning techniques used
in sentiment analysis, assessing their advantages and drawbacks across multiple languages and settings. It examines
document-level, sentence-level, and aspect-based sentiment analysis methodologies, emphasizing the progress made with
models like Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNSs), and particularly BERT and its
adaptations. Moreover, the paper discusses the existing challenges in sentiment classification, including the complexities of
sarcasm detection, multilingual processing issues, and the importance of effective preprocessing techniques. The findings
highlight the significance of sentiment analysis in diverse fields, including education, brand management, finance, and
emergency response. Ultimately, this review identifies opportunities for future research, such as the integration of advanced
models, the inclusion of underrepresented languages, and the development of interpretable frameworks to enhance trust in
sentiment analysis applications.

Keywords: Sentiment Detection, Social Media Analysis, Emotion Recognition, Language Diversity, Model
Interpretability.

1. INTRODUCTION

Sentiment analysis has become a key area within natural language processing (NLP) due to the explosion of digital
information and the need for extracting valuable insights from texts. The widespread use of social media, online reviews,
and customer feedback necessitates a better understanding of textual sentiments, which is critical for applications across
business intelligence, social sciences, and more. Also known as opinion mining, sentiment analysis involves the
computational identification, extraction, and study of subjective content from texts to determine the sentiment or attitude
toward particular entities, products, subjects, or events. This analysis generally places text into categories such as positive,
negative, or neutral, along with more refined emotions and opinions. Initially, sentiment analysis employed machine learning
models like support vector machines (SVM), Naive Bayes, logistic regression, and random forest classifiers. However, the
demand for more advanced analysis led researchers to embrace sophisticated algorithms that address the shortcomings of
existing sentiment classification frameworks. Deep learning algorithms, including convolutional neural networks (CNNs),
long short-term memory networks (LSTMs), and recurrent neural networks (RNNSs), have shown remarkable performance
in dealing with complex sentiment analysis tasks. Google's introduction of bidirectional encoder representations from
transformers (BERT) marked a turning point by effectively capturing contextual relationships within text and outperforming
traditional deep learning techniques in sentiment analysis.

The rise of social media has considerably expanded the availability of vast amounts of textual data for sentiment analysis.
Data from platforms like Facebook and Twitter show a significant rise in user engagement, as billions express their opinions
through comments, reviews, posts, and statuses on a wide variety of topics. This abundance of data presents incredible
research opportunities and underscores the importance of effective sentiment analysis methods. Examining the literature on
sentiment analysis, especially concerning social networks, reveals that until 2020, most studies focused on two main areas:
the methodologies employed (whether machine learning or lexicon-based) and the specific domains of use, such as
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emergency response, business intelligence, marketing, and electoral predictions. This paper aims to provide a thorough
review of sentiment analysis tasks and applications, with a special focus on the use of deep learning techniques. We begin
by explaining basic sentiment analysis concepts, covering tasks like document-level, sentence-level, aspect-based, and
emotion detection. Following this, we explore various applications in areas such as business, social media, finance, politics,
and disaster management, highlighting the significance of sentiment analysis in decision-making processes and generating
actionable insights. We will then examine the range of deep learning techniques currently used in sentiment analysis,
discussing their benefits over traditional methods and providing an in-depth exploration of architectures like CNNs, RNNSs,
LSTMs, gated recurrent units (GRUs), BERT, large language models (LLMs), and graph neural networks (GNNS).

By synthesizing existing literature and empirical studies, this review aims to illuminate the strengths and weaknesses of these
deep learning models in sentiment analysis tasks. Through comprehensive methodologies including literature reviews, data
extraction, and analytical assessment, we will evaluate the current state of sentiment analysis, identify ongoing challenges,
and analyze the performance of deep learning approaches across various domains and languages. Moreover, we will discuss
implications for future research and potential pathways to address current limitations in sentiment analysis methodologies.
Ultimately, this paper is intended to serve as an extensive resource for researchers, practitioners, and enthusiasts looking to
deepen their understanding of sentiment analysis, explore its diverse applications, and utilize deep learning techniques to
extract meaningful insights from textual data. Layout of this review paper is given in figure 1.

Introduction => Related Work = Methodology
s Deep Learning
Future Directions == Challenges &&= Techuligues

Figure 1: Layout of Review Paper

1.1 Our Contributions

This review aims to uncover promising pathways for the advancement of sentiment analysis by exploring six key questions.
By addressing limitations highlighted in current literature, this study intends to bridge critical gaps in knowledge and guide
the field toward more effective and robust sentiment analysis methods. The forthcoming sections will discuss each research
question in detail, specifying existing research shortcomings and explaining how this study will enhance the comprehension
and practical application of sentiment analysis through deep learning approaches.

First, we will clarify both well-established sentiment analysis tasks and areas that remain underexplored. Although there are
numerous studies [9-11, 15, 16] providing useful overviews, gaps still exist in identifying less-researched domains [14]. This
research aims to fill those gaps by thoroughly analysing sentiment analysis tasks to discover areas that require further
investigation. This endeavour will help direct future researchers toward unresolved challenges, potentially leading to
significant advancements in sentiment analysis methodologies. Second, we will evaluate the effectiveness of different deep
learning techniques in performing sentiment analysis tasks. This assessment will offer vital insights into which
methodologies excel in specific contexts. Although the effectiveness of deep learning techniques in sentiment analysis is
well-documented [12, 17], a definitive understanding of which techniques are best suited for particular applications is still
lacking. Prior studies, such as [9, 16], provide broad surveys but often fail to offer detailed performance comparisons. Our
research aims to address this by rigorously examining various deep learning techniques across different sentiment analysis
tasks. By assessing their strengths and weaknesses, we hope to contribute to the creation of more effective models, resulting
in enhanced accuracy and reliability in sentiment analysis tools.

Third, the study will investigate the practical application of deep learning models in real-world scenarios, such as analysing
customer feedback. While the potential for sentiment analysis across numerous sectors is recognized [10, 16], practical usage
remains scarce. This research seeks to bridge this gap by exploring how deep learning models can be effectively implemented
in various real-world contexts. Demonstrating the practical utility of sentiment analysis could encourage broader adoption
across different industries. Fourth, we will assess the performance of deep learning techniques with datasets from various
domains and languages, taking a critical look at their generalizability. Despite the acknowledged need for techniques to
function across diverse contexts [16], there is limited research on how these methods perform in varied settings. Our study
will analyse the effectiveness of deep learning techniques on datasets from multiple domains and languages, revealing their
strengths and weaknesses to inform strategies for improving their adaptability and expanding their use.

Fifth, this research will explore commonly utilized datasets for sentiment analysis alongside deep learning, to foster the
standardization of practices in this area. The lack of standardization regarding datasets in sentiment analysis using deep
learning is a recognized limitation [13]. Our research aims to promote uniform practices by examining frequently used
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datasets and their characteristics. This examination will facilitate data sharing, collaborative efforts, and the development of
more robust and generalizable deep learning models. Sixth, this research will also focus on the significant connection between
sentiment analysis and mental health, particularly as it relates to social media interactions. Social media platforms provide
critical opportunities for emotional expression, enabling users to share their mental health experiences openly. Through the
analysis of these discussions, we aim to gain insights into how individuals engage with mental health topics, which can
inform targeted interventions and enhance public awareness. Recent work in [18] underscores the potential for sentiment
analysis to monitor mental health trends in real-time, allowing for timely support for individuals. By examining the language
nuances that reflect mental states, our study aims to improve online communication strategies and cultivate supportive
environments. Ultimately, this endeavour seeks to empower mental health initiatives that utilize sentiment analysis from
social media to foster better well-being among users.

Finally, we will identify and address recurring challenges in sentiment analysis, such as managing negation, sarcasm, and
complex emotional expressions. Shedding light on these persistent obstacles can facilitate the advancement of more
sophisticated and precise sentiment analysis techniques, ultimately enhancing the field's overall effectiveness. The
documented challenges related to handling negation, sarcasm, and subtle emotional nuances will be tackled by our research
through the identification of effective strategies for sentiment analysis models to overcome these barriers, leading to the
development of more accurate and adaptable sentiment analysis approaches.

2. RELATED WORKS

To deepen our understanding of the current research landscape, this section evaluates relevant scholarly literature on
sentiment analysis tasks, applications, and deep learning techniques. The review of various papers and studies is organized
according to their benefits, technologies employed, outcomes, and limitations. Figure 2 clearly shows the increasing number
of papers published over the years, indicating a growing interest in sentiment analysis research.
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200+
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Figure 2: Number of Papers Published on sentiment analysis

The survey Paper [9] emphasizes the efficacy of deep learning methodologies in sentiment analysis while presenting a broad
overview of the various architectures used within this domain. The paper examines several deep learning models, including
Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), Long Short-Term Memory networks (LSTM),
attention mechanisms integrated within RNNs, Memory Networks (MemNN), and Recursive Neural Networks (RecNN). It
also outlines a diverse range of sentiment analysis tasks, such as document-level analysis, aspect-based classification,
sarcasm detection, and emotion recognition, providing a comprehensive mapping of deep learning applications in sentiment
analysis. However, despite acknowledging these architectures, the paper lacks empirical evaluations of their comparative
performance and does not provide real-world examples, reducing the practical applicability of its findings.

In the study [10], the authors present an exhaustive review of sentiment analysis research spanning from 2002 to 2014,
offering insights into significant trends and developments in the field over an extended period. The analysis includes various
sentiment analysis techniques, such as subjectivity classification, sentiment classification, and opinion word extraction,
though it does not concentrate specifically on deep learning architectures. By covering six important areas in sentiment
analysis, the paper provides a broad perspective on methodological evolution and application trends, serving as a crucial
historical reference for researchers and practitioners. Nevertheless, the paper's lack of in-depth exploration of deep learning
frameworks limits its ability to contextualize methodological advancements.

The work [11] seeks to disseminate knowledge on the essential tasks involved in sentiment analysis and opinion mining,
effectively summarizing various methodologies. The paper explores an array of tasks related to sentiment analysis but
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primarily focuses on procedural aspects rather than specific algorithms or technologies. By addressing multiple sentiment
analysis tasks, it offers a comprehensive overview suitable for both researchers and practitioners interested in the theoretical
foundations of the field. However, its extensive approach does not thoroughly engage with experimental analyses or include
the results of sentiment analysis tasks, creating a gap in its relevance and practical application.

In comprehensive review [165], a range of existing sentiment analysis techniques, compiling an inventory of prominent
methods, including machine learning, lexicon-based approaches, and hybrid models. The value of this study lies in its
extensive examination of the strengths and weaknesses of various methodologies, enabling researchers and practitioners to
select the most suitable techniques for their specific applications. The range of technologies discussed offers an insightful
overview of the available tools for sentiment analysis. However, a significant limitation is the lack of empirical studies or
comparative analyses of the reviewed techniques, along with a deficiency of case studies that could illustrate practical
applications of these methods.

Study [2] conducted a focused investigation into sentiment analysis within the scope of natural language processing,
particularly through the lens of Twitter data. This research highlights the distinct challenges that arise when interpreting
sentiment in social media contexts, offering considerable benefits. The paper serves as a practical guide that incorporates a
variety of sentiment analysis techniques and tools specifically adapted for social media, albeit without an in-depth discussion
of specific algorithms. The findings from this study enrich the understanding of effective methodologies for sentiment
analysis on Twitter, providing directions for future research. Nonetheless, the paper may lack rigorous empirical validations
or controlled studies that would provide stronger evidence supporting the effectiveness of the methods applied to Twitter
data.

Paper [3] focuses on sentiment polarity as expressed on Twitter, analysing user sentiments related to various topics. This
research enriches the understanding of public opinion conveyed on social media platforms, yielding valuable insights
regarding trends and patterns in Twitter discourse. The study likely employs natural language processing techniques and
machine learning algorithms for sentiment polarity classification, enhancing its analytic depth. The implications of Singh’s
research significantly contribute to ongoing discussions about public sentiment, providing useful information for
stakeholders interested in social dynamics. However, the study does not explore how sentiment evolves or the factors
influencing shifts in sentiment, which leaves some complexity in user opinions unexamined [68].

The study [4] utilize sentiment analysis to evaluate opinions expressed regarding significant political events, specifically
focusing on the UK Parliament and the EU's reactions to Brexit. The merits of this research lie in its contributions to
understanding political sentiment during a crucial period, demonstrating how sentiment analysis aids in elucidating public
discourse surrounding pivotal political issues. The study likely employs sentiment analysis methods on legislative
discussions and social media data relevant to Brexit, potentially utilizing machine learning and natural language processing
techniques. The outcomes of this research provide crucial insights into the dynamics of political sentiment, informing both
policymakers and researchers involved in politics. Chandio & Sah (2020) investigate sentiment analysis about the Brexit
political event, offering insights into the perspectives presented by the UK Parliament and the EU. This study significantly
contributes to the comprehension of political sentiment during a pivotal moment, as it demonstrates how sentiment analysis
can clarify public discourse surrounding critical political issues. The methodologies employed likely incorporate sentiment
analysis techniques applied to both legislative discussions and social media conversations about Brexit, potentially utilizing
frameworks from machine learning and natural language processing. The findings generate important insights into the
nuances of political sentiment, thus providing valuable implications for both policymakers and researchers involved in
political studies. Nonetheless, the research may not fully consider the broader socio-political factors or external influences
that could affect sentiment, which may limit the overall depth of the analysis.

Paper [6] delves into the ability of sentiment analysis to predict price movements in cryptocurrencies, illustrating its relevance
in the realms of financial forecasting and investment decision-making. The significance of this research lies in its
demonstration of how sentiment analysis can guide strategies in rapidly changing financial markets. The study likely employs
techniques for sentiment analysis in conjunction with statistical models or machine learning algorithms to make predictions
based on sentiment trends observed on Twitter regarding different cryptocurrencies. The results emphasize the practical
applications of sentiment analysis within the financial sector, providing valuable insights for investors and market analysts.
However, the research may not adequately account for the intrinsic volatility associated with cryptocurrencies or other
external market factors, which could affect the reliability of sentiment analysis in this context and potentially compromise
the accuracy of the predictions.

Having reviewed the contributions and limitations of existing surveys, it is evident that significant progress has been made
in sentiment analysis research; however, there is a pressing need for more empirical evaluations of deep learning approaches
and their real-world applications. Further research should focus on addressing these gaps to improve the understanding and
effectiveness of sentiment analysis methodologies. Additionally, a more in-depth examination of the temporal dynamics of
sentiment and the causal relationships influencing it is essential. Addressing these aspects will be crucial for advancing
methodologies and enhancing the practical applicability of sentiment analysis techniques across various contexts. Summary
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of Research Contributions, Limitations, and Key Findings in Sentiment Analysis in Table 1.

Table 1: Overview of Key Contributions and Challenges in Sentiment Analysis Studies

Rgi::;:e Contribution Limitation Key Insights
[12] 2024 This paper claims that deep The authors emphasize the The research points to the
learning surpasses traditional continual necessity for new potential for advancements
methods in terms of computational strategies to in processing multimodal
accuracy, especially when boost sentiment analysis data (text, imagery, audio),
managing extensive datasets | accuracy, particularly in social | multiple data sources, real-
and complex features, and media contexts. time data streams, and
effectively addressing feedback mechanisms.
contextual nuances like
negation and modifiers.

[13] 2024 The emergence of models The study advocates for the The paper suggests the
such as BERT and GPT is design of more efficient deep integration of symbolic
recognized as a significant learning models to enhance knowledge with deep
milestone, as they utilize scalability and reduce resource | learning, indicating a path

pre-training and fine-tuning demands. for future improvements in
processes to achieve notable the field.
enhancements in NLP
benchmarks compared to
older methods.
[14] 2020 This paper addresses the The focus is primarily on

lack of comparative
evaluations among common
deep learning models (CNN,
RNN, LSTM) for sentiment | sentiment analysis, indicating
polarity tasks and presents

The findings highlight the
sentiment polarity analysis, importance of assessing
viewed as a more

deep learning techniques
straightforward aspect of across a diverse range of

datasets to better understand
a need for exploration into their applicability.
experimental results on more complex areas like
different datasets. aspect-based sentiment
analysis.

[15] 2019 This study provides a The challenge remains in The absence of universally
comprehensive overview of identifying the optimal deep accepted evaluation
deep learning architectures learning architecture, which standards hampers direct
used in both sentence-level varies based on the specific comparisons of different
and aspect-level sentiment sentiment analysis task, deep learning strategies

analysis, discussing the complicating the selection of a | across various application
advantages and single best methodology. areas.
disadvantages of various
state-of-the-art
methodologies.
[16] 2019 This comprehensive review A notable issue is the The research emphasizes the
categorizes sentiment insufficient training data trend towards using transfer
analysis approaches available for particular learning and the crucial need
incorporating both sentiment analysis tasks, with for developing robust
handcrafted features and deep learning models datasets to achieve high
machine-learned features necessitating ample datasets interest in fine-grained
while analysing deep for effective performance. sentiment analysis.
learning models like CNNs,
RNNSs, and LSTMs.
[17] 2019 The research indicates that One significant drawback is | These models can be trained
deep learning models the requirement for large through either supervised or
outperform less complex volumes of training data, unsupervised methods,
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models, such as SVMs and
basic neural networks,
owing to their intricate
architectures that capture
complex data patterns and
enhance sentiment
prediction accuracy.

which could pose challenges
for applications with restricted
datasets.

which reduces the need for
manual feature engineering,
thus optimizing time and
effort. However, training
these models can incur
substantial costs due to the
need for specialized
hardware and extended
training durations.

[7] (2020) This research highlights the | The effectiveness of sentiment Proper representation of
growing sophistication of signals may vary significantly sentiment information is
techniques used in stock depending on the specific vital for stock market

market predictions, showing context, potentially limiting forecasting, but it's essential

that sentiment can enhance the generalizability of the to recognize that it's just one

accuracy in multivariate findings to diverse scenarios. | factor among many. Insights
modelling while also can assist companies in
demonstrating strong refining their marketing
dependency on factors such strategies using social
as industry context and the networks for enhanced

nature of posts. customer engagement and

market comprehension.

[8] (2021) This report discusses how There is a variance in the Major players such as IBM,

businesses are increasingly
leveraging social networks
to refine their marketing
communication and gather
valuable market insights.

availability of commercial
tools, with larger companies
often choosing tailored
solutions along with
consulting support, which may
not be feasible for smaller
entities.

SAS, Microsoft, and SAP
are recognized in the market
for sentiment analysis tools,

reflecting the competitive
landscape that can influence

tool accessibility and
functionality for
organizations.

3. METHODOLOGY

3.1 Literature Review Method and Selection Criteria

This paper focuses on reviewing existing studies related to sentiment analysis, particularly in the context of mental health
discussions on social media platforms. To ensure the collection of high-quality research papers that examine the intersection
of sentiment analysis and deep learning algorithms applied to mental health, a comprehensive literature review was essential.
The development of effective search terms was guided by our specific research questions, leading to the use of keywords
such as sentiment analysis, opinion analysis, sentiment mining, and sentiment applications [18, 70]. These terms were further
enhanced by incorporating combinations with various machine learning and deep learning algorithms like CNN, RNN,
LSTM, BERT, GRU, LLM, and GNN.

The selection of relevant publications was executed through a two-phase process. Initially, we filtered papers based on titles,
keywords, and abstracts to identify those pertinent to our research [69]. The second phase involved a detailed examination
of the shortlisted papers, focusing on their research objectives, methodologies, results, and the gaps identified by the authors.
This thorough review allowed us to highlight studies that meaningfully contribute to our understanding of how sentiment
analysis can be leveraged to explore mental health issues on social media. The literature review primarily includes research
published from 2014 to 2024, tallying a total of 70 selected papers. While we emphasized recent studies from 2019 to 2024,
key earlier research that discusses significant sentiment analysis challenges was also considered. By concentrating on text
data and the written expressions of mental health, our review aims to unveil critical insights into public sentiment and
emotional states, ultimately enhancing awareness and informing interventions related to mental health in the digital age.

3.2 Data Compilation and Analytical Framework

To explore the realm of sentiment analysis, especially within social media contexts, we implemented a standardized method
for gathering and analysing relevant data from the literature. This thorough process was designed to compile critical
information that directly addresses our research inquiries. Key elements included the range of sentiment analysis tasks
explored, the emphasis on practical applications, the deep learning algorithms utilized, as well as the gaps and challenges
highlighted in existing studies. Additionally, this analysis encompassed details about the datasets employed, the languages
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analysed, and various performance metrics, including F1 scores and accuracy rates. Our literature review revealed a variety
of sentiment analysis tasks specifically relevant to social media interactions. These tasks encompassed document-level
analysis, sentence-level analysis, aspect-based analysis, and emotional detection, along with other significant areas such as
multi-domain sentiment classification and sarcasm detection. While much of the existing literature focuses on general
sentiment analysis methodologies [9-11, 15, 16], we identified several additional tasks that have been less thoroughly
explored, such as entity categorization and sentiment intersubjectivity within social media discussions [9-11, 15, 16]. This
identification of under-researched areas lays the groundwork for future inquiries aimed at addressing these neglected topics.

Moreover, our review highlighted a spectrum of deep learning algorithms frequently applied in sentiment analysis, including
Convolutional Neural Networks (CNNSs), Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM) networks,
Gated Recurrent Units (GRUSs), the transformer-based BERT model, large language models (LLMs), and Graph Neural
Networks (GNNs). We scrutinized a range of experimental studies to assess the efficacy of these algorithms in specific
sentiment analysis tasks, focusing on their reported F1 scores and accuracy [12, 17]. Furthermore, our exploration of
sentiment analysis applications across diverse sectors underscored the potential of these techniques to yield valuable insights
into customer feedback, brand perception, and overall engagement in social media environments, paving the way for
enhanced communication strategies and proactive responses to user interactions. Through these findings, we aim to support
the continued evolution of sentiment analysis methodologies and their impactful applications in real-world scenarios.

3.3 Sentiment Analysis and Its Applications

Definition and Significance of Sentiment Analysis

Sentiment analysis, also known as opinion mining, is a critical area within natural language processing (NLP) that focuses
on automatically determining the sentiment expressed in textual data, be it positive, negative, or neutral. This analysis is
essential for businesses seeking to understand customer opinions, monitor brand perception, and gather feedback on their
products and services. Although sentiment analysis has historical roots tracing back to ancient Greece [18], its significance
has greatly increased in recent years, with applications spanning fields such as education, brand monitoring, finance, and
social media analysis [16, 19, 20].

Various tasks fall under the umbrella of sentiment analysis, including document-level analysis, aspect-based analysis,
emotion detection, and opinion summarization, among others [1]. Different methods are employed to carry out sentiment
analysis, such as lexicon-based approaches that use sentiment dictionaries and machine learning techniques that rely on
training models with labeled data. In recent times, deep learning has become a prominent method due to its effectiveness in
uncovering complex patterns in data [1]. This is particularly relevant for analyzing sentiments on social media, where
expressions of opinion can be diverse and nuanced.

3.3.2 Sentiment Analysis Tasks

Sentiment analysis includes a diverse range of increasingly crucial tasks, especially within the domain of social media.
Document-level sentiment analysis (DLSA) assesses an entire document to categorize its sentiment as positive, negative, or
neutral. This technique is effective for texts longer than 40 characters and is applicable in multiple languages, including
English and French [21]. Another significant approach is sentence-level sentiment analysis (SLSA), which classifies
sentences based on their subjectivity and sentiment. This method differentiates subjective sentences, which express opinions,
from objective ones that state facts, though it may sometimes miss finer details related to user sentiments.

Aspect-based sentiment analysis (ABSA) focuses on identifying specific elements within sentences and determining the
associated sentiments [16]. For example, in a restaurant review, ABSA might evaluate sentiments related to "food" and
"service" independently, providing a detailed understanding of user opinions. Emotion detection expands the scope of
sentiment analysis by identifying specific feelings such as joy, sadness, and anger, which are crucial for interpreting content
on social media, where users often convey a wide range of emotions. Advanced techniques such as multimodal sentiment
analysis (MMSA) and opinion spam detection (OSD) allow for deeper insights into sentiments expressed through various
formats and help identify misleading or deceptive information online.

3.3.3 Applications in Social Media Contexts

The applications of sentiment analysis are particularly significant across social media platforms. In education, sentiment
analysis can improve the learning experience by analysing student feedback, influencing teaching methods, and fostering
stronger engagement [19] [22, 23]. In the realm of brand management, companies leverage sentiment analysis to monitor
public perceptions derived from online reviews and comments. Research by Chaturvedi et al. (2021) highlights how
sentiment analysis can inform brand strategies by tracking consumer perceptions on social media [24][25].

Additionally, sentiment analysis has transformative implications in finance, where understanding social media sentiments
can significantly affect stock prices and trends in cryptocurrencies. Studies have shown that prominent social media posts
can lead to rapid market changes [26]. Gaining insights from user sentiments on these platforms is essential for organizations
looking to enhance customer experiences and build strong relationships with their audience [28]. In law enforcement,
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sentiment analysis has become a valuable tool for improving decision-making by analysing real-time data from social media.
Azeez and Aravindhar (2015) suggested a system that optimizes resource allocation and officer deployment based on insights
derived from social media conversations, while Gerber's model utilized tagged tweets to improve crime prediction and
response times in cities across the U.S. [29][30].

Moreover, sentiment analysis is crucial for managing disaster response efforts, helping to gauge public sentiment and provide
vital information during emergencies. For instance, Sufi and Khalil created an Al algorithm using natural language
processing (NLP) that achieved 97% accuracy in extracting location-based sentiment data during disaster scenarios [31].
Similarly, research by Mendon et al. focused on sentiment analysis during the 2018 Kerala floods, yielding insights into
community emotions and reactions [32]. Finally, the analysis of public sentiment regarding economic policies, such as India’s
demonetization in 2016, underscores the ability of sentiment analysis to inform policymakers about public perception and
areas requiring adjustment [34]. Overall, the diverse applications of sentiment analysis in social media provide essential
information that aids in informed decision-making across various sectors.

4. DEEP LEARNING TECHNIQUES FOR SENTIMENT ANALYSIS

Deep learning has significantly reshaped the field of sentiment analysis, presenting numerous advantages over traditional
techniques. Unlike standard methods that depend on manually crafted features, deep learning models are designed to
automatically extract relevant features from the data itself [35]. This automation eliminates the need for labour-intensive
feature engineering processes while enabling the capture of intricate relationships within the data that simpler models may
miss. Such capabilities are especially advantageous when dealing with large datasets, which are frequently encountered in
sentiment analysis tasks involving social media interactions and user feedback [36]. Research indicates that deep learning
models typically deliver improved accuracy compared to traditional methods [37]. Their versatility across various tasks,
including aspect sentiment analysis and emotion detection, highlights their importance to both researchers and practitioners
seeking to enhance their sentiment analysis capabilities.

CNN

Among the studies highlighted, four showcase the effectiveness of Convolutional Neural Networks (CNN) in various
sentiment analysis applications. The first study by [45] (2022) focuses on document-level sentiment analysis using the IMDB
dataset, where the CNN model achieved an impressive accuracy of 92.0% across 50,000 movie reviews. This illustrates the
model's ability to accurately interpret and classify sentiments from extensive textual data. Another noteworthy study by [43]
(2021) examines consumer sentiment within the airline industry, employing a CNN-LSTM hybrid model to analyse Twitter
data. This research yielded an accuracy of 91.3% with an F1 score of 87.5% from 14,640 tweets, demonstrating the model's
capacity to capture nuanced consumer sentiments expressed on social media platforms.

The research conducted by [44] (2021) on aspect-based sentiment classification further highlights the versatility of CNNs.
Utilizing the SemEval 2014 dataset, this study achieved an accuracy of 88.5% and an F1 score of 88.4% from a sample of
5,000 instances. This capability to identify sentiments linked to specific aspects is crucial for targeted sentiment analysis.
Finally, the study by [46] (2019) focused on sentiment analysis of Hindi movie reviews, achieving a remarkable accuracy of
95.4% with a dataset comprising 7,354 reviews. This emphasizes the effectiveness of CNN models even in languages that
are less commonly represented in sentiment analysis research. Together, these studies illustrate the robustness and
adaptability of CNN techniques in a range of sentiment analysis tasks, particularly concerning social media and consumer
insights. Figure 3 highlights the effectiveness of CNNs across different applications, showcasing their accuracy in sentiment
analysis tasks.
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Figure 3: Accuracy of CNN Models in Sentiment Analysis Studies

RNN
Among the studies discussed, four standout examples demonstrate the efficacy of recurrent neural networks (RNNs) in
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sentiment analysis across various contexts. The study by [27] (2020) implemented an RNN on the extensive Sentiment140
dataset, achieving an impressive accuracy of 90.5% and an F1 score of 94.1% based on a substantial sample of 1,600,000
tweets. This underscores the model's capability to effectively analyze large-scale social media data. Another noteworthy
research effort was by [47] (2021), which utilized an RNN-SVM hybrid method on the Arabic Online Review Dataset,
resulting in an accuracy of 95.4% and an F1 score of 93.4% from a dataset of 1,513 reviews. This illustrates the RNN's
adaptability to handle sentiment analysis in various languages and contexts. Further, the research conducted by [48] (2024)
targeted sentiment analysis in Twitter, employing a combination of RNN and LSTM architectures to achieve an accuracy of
91.0% with 100,000 tweets. This showcases the effectiveness of merging advanced network designs to enhance performance
in sentiment analysis tasks. Lastly, the study by [49] (2024) introduced the SA-RNN-BERT model, focusing on university
online comments and achieving an accuracy of 84.0% along with an F1 score of 83.0% based on 3,820 entries. Collectively,
these studies highlight the strength and flexibility of RNN-based techniques in sentiment analysis, particularly in the dynamic
realm of social media, emphasizing their importance in interpreting public sentiment. Figure 4 effectively shows the
performance of different RNN models across the studies, highlighting their accuracy in sentiment analysis tasks.
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Figure 4: Accuracy of RNN Models in Sentiment Analysis Studies

LSTM

This research utilized a Sentence-State Long Short-Term Memory (S-LSTM) model to perform sentiment analysis on Sinhala
Online Newspaper Reviews, leveraging a massive dataset of 4,500,000 entries. The study reported a notable accuracy of
87.9% and an F1 score of 87.9%. The findings demonstrate the effectiveness of LSTM techniques in capturing subtle
sentiments within extensive text corpora, thereby enhancing insights into public opinion and sentiment trends in media
publications. In this investigation, the authors applied a bidirectional LSTM model in conjunction with a Dynamic Graph
Convolutional Network (BiLSTM-DGCN) to conduct transparent aspect-level sentiment analysis on Twitter data,
specifically analyzing 6,051 tweets. The model achieved an accuracy of 75.4% and an F1 score of 73.1%. This research
underscores the powerful capability of advanced LSTM architectures to identify sentiments related to specific aspects of user
opinions on social media platforms, making it particularly relevant for understanding consumer feedback.

This study implemented an LSTM model combined with Latent Dirichlet Allocation (LSTM-LDA) to analyze sentiment in
online phone reviews concerning brands such as OPPO, Huawei, and Xiaomi, utilizing a dataset of 31,825 reviews. The
model reached an accuracy of 89.5%, indicating its proficiency in evaluating customer sentiments in product reviews. The
results highlight how sentiment analysis can be effectively used to glean insights from consumer feedback, aiding businesses
in refining their marketing strategies based on user perceptions. In a novel approach, this research combined LSTM with
Convolutional Neural Networks (CNN) to create a document-level sentiment analysis model for Maritime Law Legislation
Data, consisting of 98,000 documents. The model achieved an impressive accuracy of 98.05%, showcasing the effectiveness
of using LSTM alongside CNN in tackling complex sentiment analysis tasks. This study illustrates the potential for enhanced
performance when integrating different deep learning architectures, particularly in specialized fields such as legal text
analysis, facilitating deeper insights into sentiments within regulatory documents. Figure 5 highlights the effectiveness of
LSTM models across different applications, showcasing their accuracy in sentiment analysis tasks.
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Figure 5: Accuracy of LSTM Models in Sentiment Analysis Studies

GRU

Among the studies reviewed, four key examples demonstrate the effectiveness of Gated Recurrent Units (GRUS) in sentiment
analysis across different tasks and data sources. The first study by [50] (2022) investigated aspect-level sentiment analysis
using a GRU model on the SemEval 2014 dataset, achieving an accuracy of 89.0% and an F1 score of 72.4% based on a
large dataset of 400,000 entries. This effectiveness indicates the model’s capability in capturing sentiments tied to specific
aspects of text. Another important study from 2021 utilized a GRU model for intent-based sentiment analysis on the IMDB
dataset, which comprised 50,000 movie reviews, achieving an accuracy of 89.0% [51]. This research illustrates how GRUs
can effectively interpret user sentiments related to specific intentions, providing valuable insights into audience perceptions
of films. Additionally, research by [52] (2021) combined a GRU with a convolutional neural network (CNN) for aspect-
based sentiment analysis on a Chinese Online Review Dataset, reaching an accuracy of 89.6% and an F1 score of 89.6%

from 120,000 reviews. This study highlights the advantages of integrating GRUs with CNNs to grasp complex sentiment
dynamics in varied languages.

Lastly, the study conducted by [53] (2023) focused on sentiment analysis within a Chinese comment dataset, employing a
T-E-GRU model and achieving an accuracy of 90.09% with an F1 score of 90.07% from a dataset containing 700,000 entries.
This showcases the adaptability of GRU models in handling large datasets and accurately assessing sentiments in multiple
languages. Together, these studies underline the robustness and flexibility of GRU techniques in the field of sentiment
analysis, especially in the ever-evolving landscape of social media interactions. Figure 6 shows the effectiveness of GRU
models across different applications, showcasing their accuracy in sentiment analysis tasks.
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Figure 6: Accuracy of GRU Models in Sentiment Analysis

BERT

Four significant studies demonstrate the effectiveness of BERT (Bidirectional Encoder Representations from Transformers)
in various sentiment analysis applications across different tasks and languages. The research conducted by [54] (2021)
focused on intent-based sentiment analysis using the IMDB dataset, encompassing 50,000 movie reviews, where the model
achieved a remarkable accuracy of 95.2%. This study illustrates BERT's capability to accurately capture user sentiment and
intent related to films. Another important contribution comes from [55] (2022), which applied BERT for document-level
sentiment analysis on the Sentihood dataset, consisting of 3,845 entries, and attained an accuracy of 93.8%. This finding
reinforces BERT's strength in evaluating the overall sentiments expressed within documents. Furthermore, the research by
[57] (2022) explored sentiment orientation prediction for hotel reviews in Chinese, utilizing a BERT-BiLSTM model. This
study reported an exceptional accuracy of 96.5% and an F1 score of 96.4% from a dataset of 16,000 reviews, highlighting
the model’s proficiency in discerning sentiments within the hospitality sector. Finally, [56] (2022) employed a CRF-BERT
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model for fine-grained sentiment analysis of online reviews gathered from major e-commerce platforms. This research
yielded an F1 score of 94.1% and involved a substantial dataset of 108,276 entries, demonstrating BERT's ability to deliver
detailed sentiment classifications in extensive contexts. Together, these studies underscore the impactful role of deep learning
techniques like BERT in enhancing sentiment analysis across various real-world scenarios [66][67]. Figure 7 shows that the
effectiveness of BERT models in various applications is highlighted by their impressive accuracy in sentiment analysis tasks.
These models have proven to be powerful tools for understanding and interpreting sentiment expressed in text, excelling in
a range of contexts including product reviews, social media interactions, and customer feedback

1uy

98

Accuracy (%)

022 22)
gentinood @ L pevet e
1o

) o

Figure 7: Accuracy of BERT Models in Sentiment Analysis Studies

LMM

Several key studies highlight the effectiveness of Large Language Models (LLMSs) in sentiment analysis tasks. One prominent
example is the research conducted by [41] (2023), which utilized a combination of GPT-3.5, GPT-4, and InstructGPT-3.5
on a large dataset derived from Yelp, consisting of 598,000 entries. This study achieved an impressive accuracy of 96.3%,
showcasing the models' ability to accurately interpret customer sentiments in their reviews. In another study, [59] (2024)
focused on financial sentiment analysis using the BLOOMZ model with a specialized dataset of 13,545 samples, realizing
an accuracy of 87.67% and an F1 score of 92.95%. This reinforces the model's competence in analysing sentiments specific
to financial contexts. Additionally, the study by [58] (2024) employed an ensemble approach with LLMs for sentiment
analysis in Arabic, achieving an accuracy of 86.71% and an F1 score of 81.06% with the SemEval2017 dataset,
demonstrating the adaptability of LLMs across multiple languages. Figure 8 shows the efficacy of Large Language Models
(LLMs) in various applications, emphasizing their precision in completing sentiment analysis tasks.
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Figure 8: Accuracy of LMM in Sentiment Analysis Studies

GNN

Significant advancements in sentiment analysis can also be attributed to Graph Neural Networks (GNNs). For instance, the
research by [60] (2022) showcased the performance of a GNN-LSTM model on the Weibo platform, achieving remarkable
results with an accuracy of 95.25% and an F1 score of 95.22% from a dataset of 120,000 entries. This study illustrates how
effectively GNNs can identify the complex relationships between words and sentiments present in user-generated content on
social media. Additionally, [96] (2024) utilized a Relational Graph Convolutional Network (RGCN) for sentiment analysis
in Persian, reporting an accuracy of 91.17% and an F1 score of 74.15% based on 100,000 reviews. This highlights the
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versatility of GNNs when applied to different languages and contexts. Furthermore, the study by [61] (2024) combined a
TextGT model and BERT for aspect-based sentiment analysis on the SemEval2014 dataset, achieving an accuracy of 92.21%
and an F1 score of 81.48%. This underscores the potential of integrating graph-based approaches with advanced transformer
models, leading to improved performance in sentiment analysis tasks [64][65]. Figure 9 emphasizes the capabilities of Graph
Neural Network (GNN) models in various applications, illustrating their accuracy in performing sentiment analysis tasks.
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Figure 9: Accuracy of GNN in Sentiment Analysis Studies

Overall, these findings illustrate the powerful capabilities of both LLMs and GNNs in enhancing sentiment analysis,
especially within the continually evolving landscape of social media, where diverse expressions of sentiment are prevalent.
In Figure 10, the chart presents the distribution and prevalence of different deep learning algorithms utilized in sentiment
analysis. The bar graph indicates the frequency of models like Convolutional Neural Networks (CNN), Recurrent Neural
Networks (RNN), Long Short-Term Memory (LSTM) networks, and BERT (Bidirectional Encoder Representations from
Transformers). The accompanying pie chart highlights the significant role of Large Language Models (LLMs), particularly
their effectiveness in processing complex language structures. This data underscores the necessity of choosing the appropriate
deep learning technique for accurately assessing sentiment in various social media contexts, illustrating the dynamic nature
of sentiment analysis approaches.
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Figure 10: Involvement of Deep Learning Algorithms in Sentiment Analysis

In Figure 11, the chart illustrates the performance metrics of various sentiment analysis models, focusing on both accuracy
and F1 scores. The bar graph facilitates a straightforward comparison of each model's effectiveness in sentiment classification
tasks. Models such as RNN, GRU, and different LSTM variants exhibit high performance across both metrics. In particular,
BERT and SA-RNN-BERT demonstrate impressive results, highlighting their ability to address the complexities associated
with sentiment analysis. This visual representation aids researchers and practitioners in identifying the most effective models
for their sentiment analysis needs. Overall, the data underscores the advancements in deep learning techniques and their
positive influence on the accuracy and reliability of sentiment analysis outcomes.
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Figure 11: Performance metrics by Various Models

Table 2 provides a detailed overview of the strengths and limitations associated with various deep learning algorithms, taking
into account a range of performance metrics relevant to the applications. And also offers valuable insights into how different
models perform under varying conditions, allowing researchers and practitioners to assess their effectiveness.

Table 2: Strengths and limitations of deep learning algorithms

Technique Short
Name (Reference)

Strengths

Limitations

CNN Excels in detecting local patterns in textual | Often inadequate at managing long-range

(Convolutional data and can be trained efficiently due to | dependencies within sequences.

Neural Network) | fewer parameters.

[37]

RNN  (Recurrent | Effective for handling sequential data, | Susceptible to issues like vanishing and

Neural Network) | allowing it to retain information from prior | exploding gradients, which can hinder

[38] inputs, which is beneficial for text | learning in lengthy sequences.
processing.

LSTM (Long | Mitigates vanishing gradient challenges, | Its intricate design requires more

Short-Term facilitating improved memory retention | computational resources, complicating the

Memory) [39]

across extended sequences, making it well-
suited for sentiment analysis.

tuning process.

GRU (Gated | Offers a more streamlined architecture | Still faces difficulties with non-linear
Recurrent  Unit) | compared to LSTM while maintaining | sequential data structures.

[40] comparable performance levels.

BERT Enhances contextual understanding by | Demands significant computational power
(Bidirectional analysing the relationships between words | and may lack transparency in its
Encoder in both directions, leading to improved | functionality.

Representations
from
Transformers) [5]

accuracy in sentiment analysis tasks.

LLM (Large
Language Model)

Capable of grasping intricate language
contexts, which allows it to excel in various

Typically, resource-intensive to train,
requiring vast datasets for optimal
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&1

(Bidirectional
Long Short-Term
Memory) [41]

sentiment analysis applications. performance.
GNN (Graph | Effectively models relationships between | Faces challenges in scalability and
Neural Networks) | entities, improving sentiment classification | interpretability, which can limit its
[42] for complex textual data formats. application in some scenarios.
BiLSTM Captures contextual relationships by | More complex than standard LSTM,

processing data from both past and future,
enhancing sentiment analysis in social
media content.

requiring greater computational resources.

FastText [42]

Efficient for text classification and
effectively handles out-of-vocabulary
terms, making it suitable for the diverse
language often found in social media.

Less proficient in managing long-range
dependencies compared to traditional
RNNs and LSTMs.

Transformer
Networks [5]

Exceptional at understanding contextual
relations within text, making them suitable
for analysing intricate sentiments in social
media interactions.

Complexity in the training process and the
need for large datasets may pose
challenges, particularly for smaller
organizations.

5. CHALLENGES & LANGUAGES SCOPE

5.1 Challenges

In recent years, the number of publications focusing on sentiment analysis using deep learning techniques has significantly
increased, particularly in addressing specific sentiment tasks. This growth underscores the rising interest in utilizing advanced
machine learning methods to enhance the comprehension of sentiments expressed in social media. However, many
experiments outlined in these studies reveal limitations that can be categorized as common challenges. Such challenges
include difficulties in accurately interpreting nuanced expressions like sarcasm and irony, which are frequent in social media
dialogues. Additionally, most research tends to concentrate on English, creating gaps in sentiment analysis for other
languages. While efforts are being made to tackle these limitations, researchers acknowledge that resolving these issues will
likely require considerable time and innovation.

Table 3 presents recent challenges observed in studies from 2019 to 2024, shedding light on persistent obstacles faced in the
field. These include the necessity for more comprehensive training datasets, the complexities of contextual understanding in
user-generated content, and the need for enhanced preprocessing techniques. Addressing these challenges is crucial for the
continued advancement of sentiment analysis methodologies.

Table 3: Challenges observed in studies

Reference Typg of . )
Sentiment Challenges Identified Expected Solutions

Number .

Analysis

[62] Intent-based 1. Difficulty in accurately determining user intent | Employ advanced deep
sentiment 2. Ambiguities in language leading to incorrect | learning techniques to
analysis classifications improve semantic

3. Differences in expression styles among users understanding.

[50] Aspect-level 1. Limited ability to identify multiple aspects at | Implement enhanced
sentiment once models  capable  of
analysis 2. Overlapping sentiments tied to various aspects | assessing sentiments for

3. Challenges in achieving the desired level of | different aspects
granularity concurrently.

[55] Document- 1. Contextual subtleties may be overlooked during | Integrate models that are
level aggregation sensitive to contextual
sentiment 2. Difficulty in differentiating sentiments across | information throughout
analysis sections of a document | the analysis.

3. Inadequate handling of mixed sentiments within
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a single document

[31] Disaster- 1. Necessity for real-time data processing in | Create automated
related emergencies systems that effectively
sentiment 2. Challenges in analyzing unstructured data from | utilize social media data
analysis social media platforms | for timely sentiment

3. Issues with sentiment accuracy due to | evaluations.
misinformation

[44] Aspect-based | 1. Misclassification of sentiments is a common | Improve training
sentiment issue datasets by including
classification 2. Lack of training data for certain contexts | more diverse  and

3. Difficulty in recognizing nuanced phrases | context-specific
specific to contexts examples to enhance
accuracy.

[52] Target-level 1. Challenges in accurately identifying discussion | Implement models that
sentiment targets integrate language
analysis 2. Ambiguity in wording affecting target | processing with target

recognition detection capabilities.
3. Variability in the naming and referencing of
targets across different texts

[63] Sentiment 1. Mixed sentiments complicate the interpretation | Use models that can
analysis  for | of public opinion | discern subtle sentiment
policy shifts 2. Emotionally charged language may distort results | variations to enhance

3. Difficulty in capturing sentiment dynamics over | interpretive accuracy.
time

5.2 Language Scope in Sentiment Analysis

In the realm of sentiment analysis, English is the predominant language, largely due to its extensive use and the availability
of numerous datasets. However, despite its seemingly straightforward processing, English presents various challenges for
sentiment analysis models. Factors such as jargon, sarcasm, and idiomatic expressions complicate the accurate classification
of sentiments into positive, negative, or neutral categories. This complexity is reflected in the performance of models like
RNN, LSTM, and BERT, which can achieve high accuracy and F1 scores on datasets from platforms like IMDB and Twitter
but still face difficulties in capturing the subtleties of sentiment expressed in social media contexts. While English continues
to dominate sentiment analysis research, there is considerable potential for exploring other languages. Chinese sentiment
analysis is gaining momentum, especially with the rise of platforms like Weibo, which accounts for approximately 15% of
sentiment analysis studies. Hindi is another language of increasing importance, representing about 10% of research,
particularly focused on regional content and social media interactions. Additionally, the fields of sentiment analysis for
Japanese and Russian are evolving, comprising roughly 8% and 7% of studies, respectively, with an emphasis on local
platforms and news sentiment analysis.

Expanding sentiment analysis to include more than just English is essential for developing effective models that can operate
in diverse linguistic contexts. This effort is crucial not only for enriching academic inquiry but also for enhancing practical
applications in various global markets. By incorporating languages such as Chinese, Hindi, Japanese, and Russian,
researchers can create more inclusive and adaptable sentiment analysis systems. This linguistic expansion will enable
businesses and organizations to gain a deeper understanding of sentiment expressed across social media platforms, thus better
informing their strategies and improving engagement with a wider audience.
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Figure 12: Languages in Sentiment Analysis Experiments

6. FUTURE RESEARCH DIRECTIONS ON APPROACHES IN SENTIMENT ANALYSIS

As sentiment analysis evolves, particularly within social media contexts, several key research directions and methodologies
should be explored to enhance its efficacy.

6.1 Adoption of Transformer Models: The emergence of transformer models, notably BERT and GPT-3, has significantly
impacted natural language processing by showcasing exceptional performance in grasping context and complex linguistic
features. Future research should focus on fine-tuning these advanced models specifically for sentiment analysis tasks related
to social media. Methodologies could involve transfer learning, where these pre-trained models are adapted to better reflect
the unique expressions found in social media interactions, including sarcasm and emotional subtleties. Furthermore, aligning
the models with domain-specific datasets can significantly improve their sentiment detection capabilities.

6.2 Development of Hybrid Models: Combining different deep learning architectures can create more robust solutions for
sentiment analysis challenges. For example, integrating Convolutional Neural Networks (CNNs) with Recurrent Neural
Networks (RNNs) or Graph Neural Networks (GNNSs) could enhance the models' abilities to capture both local features and
sequential data relationships effectively. Future methodologies should focus on designing multi-input architectures that
process textual data alongside other contextual inputs, such as user metadata and visual content, to provide a more holistic
understanding of sentiment conveyed on social media.

6.3 Utilizing Reinforcement Learning: The application of reinforcement learning (RL) in sentiment analysis presents an
innovative pathway where models can learn from real-time data and feedback. Unlike traditional supervised learning
methods, using RL can enable models to adapt dynamically to the changing sentiments and trends present in social media
environments. Future research should explore developing systems that refine sentiment analysis models continuously based
on the flow of user interactions, optimizing their ability to engage and respond to emerging linguistic patterns.

6.4 Enhancing Preprocessing Techniques: Robust sentiment analysis relies heavily on effective preprocessing of input
data. Future methodologies should emphasize advanced techniques for cleaning and preparing data to address the unique
noise typical in social media content, including slang, abbreviations, and emoticons. Employing natural language processing
tools that can accurately interpret these linguistic variations will significantly enhance sentiment analysis accuracy.
Additionally, automating preprocessing pipelines can streamline the analysis of larger and more diverse datasets.

6.5 Fostering Explainability and Interpretability: As sentiment analysis models grow in complexity, ensuring their
interpretability becomes crucial. Future research should focus on developing methodologies that enhance clarity and
transparency regarding how sentiment predictions are generated. Techniques like attention mechanisms can help elucidate
which parts of the input data inform a model's decisions. Similarly, Layer-wise Relevance Propagation (LRP) can be utilized
to demonstrate the rationale behind sentiment classifications. By integrating these techniques into model development,
sentiment analysis tools can offer not only accurate results but also foster trust and understanding among users.

By pursuing these methodologies, the field of sentiment analysis can significantly advance, leading to improved techniques
for interpreting sentiments expressed on social media. This evolution will enable businesses and organizations to make
informed decisions based on a nuanced understanding of consumer sentiments, enhancing engagement and adaptability in
an increasingly digital landscape.

7. CONCLUSION
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Sentiment analysis, driven by advanced deep learning techniques, plays a crucial role in understanding public sentiment,
particularly in the rapidly evolving landscape of social media. This review highlights significant advancements made with
models such as BERT and hybrid architectures that integrate Recurrent Neural Networks (RNNs) with Convolutional Neural
Networks (CNNs). However, despite these advancements, several challenges persist that warrant further exploration.
Notably, the detection of sarcasm and nuanced emotional expressions remains a complex issue, complicating sentiment
classification in social media contexts. Moreover, the effective handling of multiple languages is essential, as much of the
existing research predominantly focuses on English, leaving gaps in sentiment analysis for less commonly represented
languages. Addressing these challenges opens up new avenues for innovation that can enhance the accuracy and applicability
of sentiment analysis tools across diverse linguistic and cultural contexts. Furthermore, improving the interpretability of
sentiment analysis models is essential for building trust and understanding in automated systems. By enhancing clarity around
how models arrive at their sentiment classification, researchers can create solutions that not only perform well but also satisfy
user expectations for transparency. As sentiment analysis finds increasing use across varied sectors—including marketing,
finance, and education—this work establishes a foundation for future research aimed at deepening our understanding of
consumer behaviour and improving engagement on social media platforms. Overall, the ongoing evolution of sentiment
analysis methodologies holds the promise of providing deeper insights into user sentiment and emotions, ultimately enabling
organizations to better respond to public opinions and enhance their strategies accordingly. The insights derived from such
analyses are vital for adapting to feedback in real time and addressing the needs of a dynamic and diverse user base online.
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