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Abstract. The proliferation of digital media and online platforms has led to a significant increase
in the production and distribution of textual data. Consequently, the study of text sentiment
analysis has emerged as a crucial area of research within the domain of natural language
processing. The objective of sentiment analysis is to detect and categorize emotional inclinations
in text, which has substantial practical importance in comprehending public sentiment,
monitoring brand reputation, and other related areas. This research does a comprehensive
investigation of the utilization of neural network models in text sentiment analysis using
literature review methods. It examines the difficulties encountered and the approaches employed
to overcome these difficulties. The research encompasses the fundamental principles and
techniques of text sentiment analysis utilizing neural networks, as well as the utilization of
convolutional neural networks (CNN), recurrent neural networks (RNN)/long short-term
memory networks (LSTM), attention mechanisms, and pre-trained models in the field of
sentiment analysis. Furthermore, this study delves into the complexities associated with data
noise, the interpretability of models, the analysis of long text and multimodal sentiment, as well
as the utilization of transfer learning and domain adaptation techniques. The study's importance
is in establishing a theoretical basis and practical recommendations for the advancement of
sentiment analysis technology, particularly in enhancing model precision, comprehensibility,
and range of applications, thereby delivering useful insights.
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1. Introduction

Within the framework of the Information Age, the rapid expansion of textual data has presented
unparalleled difficulties and possibilities. The primary objective of sentiment analysis is to provide
assistance in decision-making processes across various domains, including public opinion monitoring,
brand management, and financial analysis. This is achieved by detecting emotional inclinations within
textual data. The accuracy and application scope of sentiment analysis have been considerably boosted
due to the rapid development of artificial intelligence, particularly neural network technology. Neural
network models have emerged as potent instruments for extracting intricate emotional information from
textual data, owing to their remarkable data processing and feature learning capabilities.

The significance of neural networks in sentiment analysis has been underscored by recent research
developments. An example of this may be seen in the advancements made in capturing textual emotional
aspects through the utilization of Convolutional Neural Networks (CNN) and Long Short-Term Memory
Networks (LSTM). Additionally, the incorporation of attention mechanisms has significantly increased
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the models' capacity to identify crucial information. In addition, the advent of pre-trained models like
BERT and GPT, which acquire knowledge from extensive corpora, has greatly enhanced the results of
sentiment analysis. These technological developments not only showcase the capabilities of deep
learning but also offer robust technical backing for the future trajectory of sentiment analysis.

This study utilizes literature analysis and review methods to examine the utilization of neural
networks in sentiment analysis. It explores the difficulties encountered in this field, including data noise
and concerns over model interpretability. Additionally, it examines strategies for enhancing these
hurdles. This paper provides a comprehensive overview of sentiment analysis by incorporating the latest
technology advancements and research discoveries. It not only presents the fundamental theories and
techniques of sentiment analysis, but also delves into the practical implementation of neural network
models and the difficulties they provide. This study offers significant insights for future research
endeavors.

2. Basic Concepts and Methods of Text Sentiment Analysis

Text Sentiment Analysis, a crucial aspect of Natural Language Processing (NLP), focuses on extracting
subjective information from text. This field, also referred to as Opinion Mining, plays a significant role
in identifying and analyzing sentiments. The purpose of this task is to analyze the emotional inclination
conveyed by a given text segment, categorizing it as positive, negative, or neutral. Text sentiment
analysis can be categorized into three types: document-level, sentence-level, and feature/aspect-level
[1].

Text sentiment analysis methods based on machine learning primarily consist of supervised and
unsupervised learning approaches. Supervised learming methods necessitate a substantial corpus of text
data annotated with emotional labels to train the model. Prominent algorithms employed in this domain
encompass Support Vector Machine (SVM), Naive Bayes (NB), Random Forest (RF), and others.
Unsupervised leaming methods analyze emotional words, phrases, and sentence structures in the text to
infer emotional tendencies. Common techniques used for this purpose include sentiment dictionaries
and semantic rules [2].

Over the past few years, the advancement of deep learning technology has led to the emergence of
neural network models that excel in text sentiment analysis. These models have proven particularly
effective in handling vast amounts of text data and understanding intricate semantic connections. Neural
network models have the ability to learn complex feature representations from data, eliminating the need
for manual feature design in traditional methods. The performance in sentiment analysis tasks has been
outstanding, covering a wide range of domains including product reviews, social media content, and
news reports [3].

Neural network models frequently employed in text sentiment analysis encompass Convolutional
Neural Networks (CNN), Recurrent Neural Networks (RNN), Long Short-Term Memory Networks
(LSTM), and the Attention Mechanism. CNNs excel at capturing local correlations, making them well-
suited for identifying important phrases or expressions in text. On the other hand, RNNs and LSTMs
are capable of handling the sequential nature of text, allowing them to capture long-distance
dependencies. Additionally, the Attention Mechanism can assign weights to key information in the text,
thereby further enhancing the sentiment analysis capability of the model [4].

3. The Application of Neural Network Models in Text Sentiment Analysis

Neural network models have found extensive use in text sentiment analysis, thanks to their robust feature
extraction capabilities. In the following section, we will examine various neural network architectures
and how they are utilized in sentiment analysis.

CNNs were initially developed for image processing, but their capabilities extend beyond this field.
Text processing involves the use of CNNS to efficiently capture important local features in text, such as
key words or combinations of phrases. These features play a vital role in determining the emotional
tendency of the text. CNNs utilize multiple convolutional and pooling layers to extract and learn feature
representations from intricate text data. These representations are valuable for sentiment classification
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tasks. An effective application of this method involves utilizing CNN models to analyze emotional
expressions in sentence structures and determine the emotional tone in text. This showcases the
effectiveness and precision of CNNs in handling textual data [4].

RNN and LSTM models are highly effective in handling sequential data, particularly text data. These
models consider the sequential structure of text and capture the dependencies that exist over long
distances. It is crucial to consider the sentiment flow in sentences or documents when conducting
sentiment analysis tasks, as it greatly influences the final emotional tendency. The LSTM model, with
its distinctive gating mechanism, effectively tackles the issue of long-term dependency that traditional
RNNSs face when processing lengthy sequences. As a result, it demonstrates superior performance and
increased accuracy in long text sentiment analysis tasks [5].

The incorporation of attention mechanisms represents a notable progression in NLP technology. The
utilization of this technique enables models to efficiently process and comprehend text by dynamically
shifting their attention to different sections of the input sequence. Transformer models, which utilize
attention mechanisms, effectively capture intricate word relationships through self-attention layers,
bypassing the need for conventional sequential processing methods. As a result, they have achieved
remarkable advancements in various tasks, including text sentiment analysis. Transformer models have
been successful in handling complex and detailed language data, leading to a deeper and more
comprehensive understanding of text sentiment analysis [6].

Over the past few years, the utilization of transfer learning and pre-trained models such as BERT and
GPT in text sentiment analysis has demonstrated significant promise. The models have been trained on
extensive text datasets, acquiring intricate language representations. These representations can be further
refined to suit particular sentiment analysis tasks. This approach has the advantage of enabling models
to utilize the vast language knowledge acquired during pre-training, resulting in a notable enhancement
in performance, even when data is limited [7]. Utilizing pre-trained models improves the precision of
sentiment analysis on limited datasets and expands the potential for addressing intricate emotion
recognition tasks.

4. Challenges and Improvements in Neural Network Models for Text Sentiment Analysis

One of the primary obstacles in text sentiment analysis is the presence of data noise and inconsistencies
in annotation. Text from various sources often includes numerous non-standard expressions, typos, or
slang, which can have an impact on the leaming of the model. Inconsistency may arise due to the
subjectivity of sentiment annotation, as different annotators may assign different emotional tendency
labels to the same text. In order to tackle these challenges, researchers have put forth a range of solutions.
These include utilizing more intricate data preprocessing techniques, incorporating assessments of
annotator reliability, and implementing semi-supervised and weakly supervised learning methods to
decrease the need for extensive manual annotation [8-9].

In addition, although deep neural networks have made significant strides in text sentiment analysis
tasks, their lack of transparency and interpretability presents a significant challenge. Improving the
interpretability of models is essential for fostering user trust, conducting error analysis, and enhancing
model performance. Researchers have developed different techniques to enhance model transparency
and interpretability. These include feature visualization, analysis of attention mechanisms, and model
simplification [10-11].

In addition, the analysis of text sentiment is further complicated by the need to process lengthy texts
and data that includes multiple modes of communication. Neural network models often struggle to
maintain optimal performance when processing lengthy texts due to the inherent challenge of capturing
long-distance dependencies. Additionally, in order to effectively perform multimodal sentiment analysis,
models must be able to comprehend and incorporate data from various modalities, including text, images,
and audio. In order to tackle these concerns, scholars have put forward the utilization of hierarchical
attention mechanisms, memory networks, and model architectures that are specifically tailored for
handling long sequence data. In the field of multimodal sentiment analysis, researchers have utilized
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fusion models and joint representation leaming strategies to successfully combine cross-modal
information [12-13].

Transfer learning and domain adaptation methods provide effective solutions for addressing domain
differences, particularly in cases where there is limited annotated data available in the target domain.
Applying pre-trained models from extensive datasets to specific domains can greatly enhance model
performance on desired tasks. Domain adaptation techniques aim to optimize this process by minimizing
the distribution disparities between the source and target domains, thereby improving the model's ability
to generalize [14].

5. Conclusion

This paper provides a thorough examination of the application and challenges of neural network models
in text sentiment analysis. It also proposes strategies for improvement in this area. The study reveals
that even though neural network technology has made significant progress in enhancing accuracy and
efficiency in sentiment analysis, there are still persistent challenges. These challenges include dealing
with data noise, limited model interpretability, analyzing long texts and multimodal data, and difficulties
in transfer learning. This research has extensively examined the mentioned issues. However, it lacks in-
depth studies within specific domains and in verifying the generalizability of models. Additionally, it
has only partially explored the specific implementation methods for model interpretability.

To overcome these limitations, future research should further explore specific domains, validate the
applicability of models through cross-domain studies, and expand the investigation into model
interpretability to improve the transparency and dependability of sentiment analysis technology. In order
to address current obstacles, it would be beneficial to gather more data that is specific to the field and to
create innovative tools and techniques for explaining models.

As technology continues to advance, we can anticipate the development of more accurate and
adaptable models that will better address intricate linguistic phenomena and tasks across different
domains. Future research will focus on enhancing model interpretability and transparency, as well as
developing multimodal data analysis. These advancements are expected to bring new momentum to the
field of text sentiment analysis. In the coming years, advancements in technology and methodology will
enhance the accuracy, efficiency, and intelligence of text sentiment analysis. This will provide strong
support in various fields and showcase its wide-ranging potential in both theoretical and practical
contexts.
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