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ABSTRACT 

Sentiment analysis is the task of extracting subjective 

information from textual data. The field of sentiment analysis 

has seen significant advancements with the emergence of large 

language models (LLMs). This survey paper provides an 

overview of sentiment analysis using LLMs, discussing 

methodologies, applications, challenges, and future directions. 

The traditional sentiment analysis techniques, such as rule-

based approaches and machine learning models are reviewed 

and the recent advancements in sentiment analysis using pre-

trained LLMs like BERT, GPT, and XLNet are explored. Key 

findings include the importance of model interpretability, the 

impact of biases, and the significance of domain adaptation in 

sentiment analysis using LLMs. The paper discusses the 

significance of sentiment analysis using LLMs across various 

industries, including ecommerce, social media monitoring, 

healthcare, and finance for the organizations to leverage LLMs 

to gain insights into customer opinions, brand perception, 

market trends, and public sentiment, enabling data-driven 

decision-making and enhanced customer experiences. Finally, 

recommendations for further research are provided for 

researchers and practitioners to help unlock new possibilities 

for understanding human sentiments and emotions, driving 

positive outcomes across diverse domains and industries.  
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1. INTRODUCTION 
In today’s digital age, the abundance of textual data generated 

across various online platforms presents challenges as well as 

opportunities for understanding human sentiments and 

opinions. Text sentiment analysis is a branch of natural 

language processing (NLP) and it has emerged as an important 

tool for extracting insights from textual data to understand the 

underlying sentiment expressed by individuals. This analysis 

plays a pivotal role in a variety of applications, ranging from 

customer feedback analysis and social media monitoring to 

market research and beyond. 

In the field of customer feedback analysis, businesses often 

strive to comprehend the sentiments conveyed by their 

customers through reviews, comments, and other forms of 

feedback. By employing sentiment analysis techniques, 

companies can gain valuable insights into customer satisfaction 

levels to identify areas for improvement and tailor their 

products or services to meet consumer preferences effectively. 

Similarly, when it comes to social media monitoring, sentiment 

analysis enables organizations to gauge public opinion, track 

brand perception, and identify emerging trends in real time. By 

analyzing the sentiment expressed in social media posts, 

tweets, and discussions, businesses can proactively respond to 

customer concerns, capitalize on positive sentiment, and 

mitigate potential reputation risks. 

In addition to the other applications, sentiment analysis holds 

significant implications for market research, where 

understanding the consumer sentiment is paramount for 

making informed business decisions. By analyzing the 

sentiments expressed in market surveys, product reviews, and 

online forums, businesses can identify market trends, assess 

competitor strategies, and formulate marketing campaigns that 

resonate with their target audience. 

While traditional sentiment analysis methods have proven to be 

effective to some extent, the introduction of large language 

models (LLMs) has revolutionized the field of natural language 

processing. LLMs, such as BERT (Bidirectional Encoder 

Representations from Transformers), GPT (Generative Pre-

trained Transformer), and XLNet, have garnered immense 

attention for their ability to learn complex language patterns 

and capture semantic details from vast amounts of textual data. 

Based on the current trends, the growing significance of LLMs 

is evident in their remarkable performance across various NLP 

tasks including sentiment analysis, context-based sentiment 

analysis, and emotion detection. Hence, by leveraging the 

power of LLMs, researchers and practitioners can develop 

more accurate, context-aware sentiment analysis models that 

excel in capturing the fine details of human language and 

expression. 

In this survey paper, we dive into the text sentiment analysis 

using large language models by exploring the methodologies, 

applications, challenges, and future directions in this evolving 

field. By providing a comprehensive review of existing 

literature and research findings, we aim to provide insights into 

the advancements, opportunities, and potential pitfalls 

associated with sentiment analysis using LLMs. 

2. BACKGROUND AND LITERATURE 

REVIEW 

2.1 Traditional Sentiment Analysis 

Techniques 
Traditional sentiment analysis consists of a variety of 

methodologies such as rule-based approaches, machine 

learning models and lexicon-based methods. Rule-based 

approaches rely on the predefined rules and patterns to classify 

the sentiment of text based on features such as keywords, 

syntactic structures, and sentiment indicators [1]. These 

methods are straightforward and interpretable, but they often 

lack the flexibility to capture the complex structures and 

context dependency of human language. 

Machine learning models, on the other hand leverage various 

algorithms to learn patterns and relationships from labeled 

training data thus enabling automated sentiment classification. 

Common machine learning algorithms used in sentiment 

analysis include Support Vector Machines (SVM), Naive 
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Bayes, and Decision Trees [2]. While these models can achieve 

high accuracy, they require substantial amounts of labelled data 

for training, and they might also struggle with capturing 

specific sentiments and domain-specific details. 

Lexicon-based methods rely on sentiment lexicons or 

dictionaries containing lists of words associated with positive, 

negative, or neutral sentiments [3]. By matching words in the 

text with entries in the dictionary, these methods assign 

sentiment scores to individual words or phrases and then 

aggregate them to determine the overall sentiment of the text. 

While lexicon-based approaches are computationally efficient 

and language-independent they might struggle with handling 

negations, sarcasm, and identifying context-dependent 

sentiments. 

2.2 Advancements in Sentiment Analysis 

Using Large Language Models (LLMs) 
In recent years, the development of large language models has 

revolutionized the field of sentiment analysis by leveraging 

deep learning techniques to extract rich semantic 

representations from textual data. Pre-trained LLMs, such as 

BERT (Bidirectional Encoder Representations from 

Transformers) [4], GPT (Generative Pre-trained Transformer) 

[5], XLNet [6], and their variants have demonstrated 

remarkable performance across a wide range of NLP tasks 

including sentiment analysis.  

These LLMs tend to do a great job in capturing complex 

linguistic patterns, contextual information, and semantic 

relationships through unsupervised pre-training on vast 

amounts of unlabeled text data. By fine-tuning these pre-

trained models on domain-specific labeled data, researchers 

and practitioners can develop sentiment analysis models that 

exhibit superior performance especially in tasks that require 

understanding of context, sarcasm, and ambiguity. 

2.3 Summary of Key Research Papers, 

Algorithms, and Methodologies  
Several research papers and algorithms have contributed to the 

advancement of sentiment analysis using LLMs. For instance, 

[4] introduced BERT, a transformer-based model pretrained on 

large-scale textual data, achieving state-of-the-art results across 

various NLP benchmarks, including sentiment analysis. GPT 

introduced by [5], is a generative pre-trained transformer 

capable of generating coherent and contextually relevant text, 

which has been adapted for sentiment analysis tasks with 

impressive results. 

Various methodologies such as fine-tuning, transfer learning, 

and domain adaptation have been the key in adapting pre-

trained LLMs for sentiment analysis in specific domains and 

languages. Fine-tuning involves re-training the parameters of 

pre-trained LLMs on domain-specific labeled data to adapt 

them to the downstream task. On the other hand, transfer 

learning leverages knowledge learned from one task to improve 

performance on another related task. Domain adaptation 

techniques aim to bridge the gap between the source and target 

domains by minimizing distributional differences and 

maximizing performance. 

While sentiment analysis using LLMs offers significant 

advantages in terms of performance and generalization, it also 

poses challenges such as model interpretability, scalability, and 

computational complexity. Additionally, concerns regarding 

model biases, data privacy, and ethical considerations have 

prompted ongoing research efforts to address these issues and 

develop more robust and reliable sentiment analysis solutions 

using LLMs. 

3. METHODOLOGY 
Sentiment analysis using large language models consists of 

various methodologies and techniques aimed at leveraging the 

power of pre-trained models to classify the sentiment expressed 

in textual data. Common approaches include finetuning pre-

trained models, transfer learning, domain adaptation, and 

model evaluation techniques. 

3.1 Fine-tuning Pre-trained Model 
Fine-tuning involves re-training the parameters of pretrained 

LLMs on domain-specific labeled data to adapt them to the 

downstream sentiment analysis task. The process typically 

consists of the following steps: 

1. Pre-trained Model Selection: Choose a suitable pretrained 

LLM, such as BERT, GPT, or XLNet, based on the task 

requirements and available resources. 

2. Domain-specific Data Collection: Collect labeled data 

specific to the sentiment analysis task and based on 

domain of interest. This data may include customer 

reviews, social media posts, or other textual sources 

annotated with sentiment labels such as positive, negative, 

neutral. 

3. Fine-tuning Procedure: Initialize the parameters of the 

pre-trained LLM with the pre-trained weights and finetune 

them on the domain-specific labeled data using gradient-

based optimization techniques such as stochastic gradient 

descent (SGD) [7] or Adam Optimizer [8]. 

4. Hyperparameter Tuning: Optimize hyperparameters such 

as learning rate, batch size, and dropout rate to maximize 

performance on the validation set and prevent overfitting. 

5. Model Evaluation: Evaluate the fine-tuned model on a 

separate test set to assess its performance in terms of 

accuracy, precision, recall, F1-score, and other relevant 

metrics. 

3.2 Transfer Learning 
Transfer learning leverages knowledge learned from one task 

or domain to improve performance on another related task or 

domain. In the context of sentiment analysis using LLMs, 

transfer learning involves fine-tuning pre-trained models on a 

source task with abundant labeled data and then transferring the 

learned representations to the target sentiment analysis task 

with limited labeled data. This process typically follows these 

steps: 

1. Pre-training on Source Task: Pre-train the LLM on a large 

corpus of unlabeled data and a related source task, such as 

language modeling or masked language modeling. 

2. Fine-tuning on Target Task: Fine-tune the pre-trained 

LLM on the downstream sentiment analysis task using 

labeled data from the target domain. Transfer learning 

enables the model to leverage the knowledge learned 

during pre-training to improve performance on the target 

task, even with limited labeled data. 

3.3 Domain Adaptation 
 Domain adaptation techniques are used to bridge the 

gap between the source and target domains by minimizing 

distributional differences and maximizing performance on the 

target sentiment analysis task. Some of the common 

approaches include: 

1. Adversarial Training: Train the LLM with an additional 

domain discriminator component that learns to distinguish 

between source and target domain data. Adversarial 
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training encourages the model to generate domain 

invariant representations that generalize well across 

domains [9]. 

2. Data Augmentation: Augment the labeled data from the 

target domain by applying transformations such as 

paraphrasing, back translation, or word replacement to 

increase diversity and reduce domain shift [10]. 

3. Fine-tuning with Domain-specific Data: Fine-tune the pre-

trained LLM on a small, labeled dataset from the target 

domain to adapt it to domain-specific characteristics and 

improve performance on the target sentiment analysis 

task. 

3.4 Training and Evaluation 
The process of training and evaluating sentiment analysis 

models based on large language models involves the following 

steps: 

1. Data Preprocessing: Preprocess the textual data by 

tokenizing, lowercasing, removing stop words, and 

performing other text normalization techniques such as 

stemming and lemmatization. 

2. Model Training: Train the sentiment analysis model using 

one of the selected methodologies such as finetuning, 

transfer learning on the labeled training data. Monitor the 

training process for convergence and adjust 

hyperparameters as needed. 

3. Model Evaluation: Evaluate the trained model on a 

separate validation set to tune hyperparameters and 

prevent overfitting. Finally, assess the model’s 

performance on a held-out test set using appropriate 

evaluation metrics such as accuracy, precision, recall, F1-

score. 

4. Error Analysis: Conduct error analysis to identify 

common patterns of misclassification and areas for 

improvement. Iteratively refine the model and training 

process based on the insights gained from error analysis. 

By following these methodologies and techniques, 

researchers and practitioners can develop robust and effective 

sentiment analysis models based on large language models, 

tailored to specific domains and tasks. 

4. APPLICATIONS 
Sentiment analysis using large language models finds 

its applications across various domains, enabling organizations 

to gain valuable insights from textual data and make informed 

decisions. Some key domains where sentiment analysis with 

LLMs is extensively utilized include social media, ecommerce, 

healthcare, finance, and more. 

4.1 Social Media 
Social media platforms serve as rich sources of user generated 

content, offering valuable insights into public opinion, trends, 

and brand perception [11]. Sentiment analysis using LLMs 

enables businesses and marketers to monitor social media 

conversations in real-time, identify sentiment trends, and gauge 

public sentiment towards their products, services, or marketing 

campaigns. For example, organizations can analyze tweets, 

comments, and posts on platforms like Twitter, Facebook, and 

Reddit to understand customer feedback, sentiment towards 

brand mentions, and emerging trends in their industry. 

4.2 E-commerce 
In the e-commerce sector, sentiment analysis with LLMs plays 

a crucial role in understanding customer preferences, 

satisfaction levels, and purchase intent [12]. By analyzing 

product reviews, ratings, and customer feedback using LLM 

based sentiment analysis models, e-commerce companies can 

identify popular products, address customer concerns, and 

tailor their offerings to meet consumer demands effectively. 

Additionally, sentiment analysis enables e-commerce 

platforms to personalize product recommendations, improve 

customer engagement, and enhance the overall shopping 

experience. 

4.3 Healthcare 
In the healthcare industry, sentiment analysis using 

LLMs is employed for various applications, including patient 

feedback analysis, sentiment monitoring in healthcare forums, 

and identifying adverse drug reactions [13]. By analyzing 

patient reviews, forums, and social media discussions, 

healthcare providers can gain insights into patient experiences, 

satisfaction levels, and sentiment towards medical treatments 

and services. Moreover, sentiment analysis helps healthcare 

organizations proactively address patient concerns, improve 

service quality, and enhance patient engagement and 

satisfaction.   

4.4 Finance 
In the finance sector, sentiment analysis with LLMs is utilized 

for sentiment-based trading strategies, market sentiment 

analysis, and sentiment-driven investment decisions [14]. By 

analyzing news articles, social media discussions, and financial 

reports using LLM-based sentiment analysis models, investors 

and financial analysts can assess market sentiment, identify 

market trends, and make data-driven investment decisions. 

Sentiment analysis also helps financial institutions monitor 

brand perception, detect potential reputational risks, and gauge 

customer sentiment towards financial products and services. 

By leveraging sentiment analysis with LLMs, organizations 

across various domains can extract valuable insights from 

textual data, gain a competitive edge, and make data-driven 

decisions to better serve their customers and stakeholders. 

5. CHALLENGES AND FUTURE 

DIRECTIONS 
Sentiment analysis using large language models comes with 

several challenges and limitations that need to be addressed to 

enhance the reliability, fairness, and effectiveness of sentiment 

analysis systems. Additionally, exploring future directions and 

research opportunities can further advance the field of 

sentiment analysis using LLMs. 

5.1 Challenges and Limitations 

5.1.1 Model Biases 

LLMs trained on large textual corpora may inherit biases 

present in the training data, leading to biased predictions and 

perpetuating societal biases in sentiment analysis outcomes. 

Addressing model biases requires careful data collection, bias 

detection techniques, and model de-biasing strategies to ensure 

fairness and equity in sentiment analysis results.  

5.1.2 Data Privacy Concerns 
Sentiment analysis often involves analyzing sensitive textual 

data, such as social media posts, customer reviews, and 

healthcare records, raising concerns about data privacy and 

confidentiality. Protecting user privacy while extracting 

insights from textual data poses significant challenges, 
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necessitating robust privacy-preserving techniques and 

compliance with data protection regulations. 

5.1.3 Domain Adaptation Issues 
Adapting pre-trained LLMs to specific domains or languages 

may encounter challenges due to domain-specific language 

variations, data scarcity, and distributional differences between 

source and target domains. Overcoming domain adaptation 

issues requires innovative techniques for domain adaptation, 

data augmentation, and transfer learning to improve model 

generalization and performance across diverse domains. 

5.2 Future Directions and Research 

Opportunities 

5.2.1 Model Interpretability 
Enhancing the interpretability of sentiment analysis models 

using LLMs is crucial for understanding model predictions, 

identifying influential features, and building trust with end-

users. Future research efforts should focus on developing 

interpretable models, explainable AI techniques, and 

visualization tools to provide insights into the sentiment 

analysis process and improve model transparency. 

5.2.2 Robustness and Adversarial Defense 
Improving the robustness of sentiment analysis models against 

adversarial attacks, input perturbations, and adversarial 

examples is essential for deploying reliable and trustworthy 

systems in real world scenarios. Research in adversarial 

defense mechanisms, robust training strategies, and adversarial 

robustness evaluation can improve the resilience of sentiment 

analysis models to adversarial manipulation and ensure their 

reliability in practice. 

5.2.3 Scalability and Efficiency 
Scaling sentiment analysis models to handle large volumes of 

textual data efficiently is critical for real-time applications and 

large-scale deployments. Future research endeavors should 

focus on developing scalable architectures, distributed training 

techniques, and using lightweight models optimized for 

deployment on resource constrained platforms, enabling 

efficient sentiment analysis at scale. 

5.2.4 Multimodal Sentiment Analysis 
Integrating multiple modalities, such as text, images, and audio, 

into sentiment analysis frameworks can enrich the 

understanding of human sentiments and emotions expressed 

across different media types. Research in multimodal sentiment 

analysis using LLMs can open up new avenues for capturing 

contextual information, enhancing sentiment prediction 

accuracy, and enabling more detailed analysis of multimedia 

content. 

5.2.5 Ethical and Social Implications 
Addressing ethical considerations, societal impacts, and 

responsible deployment practices of sentiment analysis systems 

is crucial for ensuring their ethical use and minimizing 

unintended consequences. Future research should explore 

ethical frameworks, guidelines for responsible AI 

development, and mechanisms for stakeholder engagement to 

promote ethical and socially responsible sentiment analysis 

practices. 

By addressing these challenges and exploring future research 

directions, the field of sentiment analysis using large language 

models can continue to evolve, enabling more accurate, 

reliable, and ethically sound sentiment analysis solutions with 

diverse applications across industries and domains. 

6. CONCLUSION 
In conclusion, this survey paper has provided a comprehensive 

overview of sentiment analysis using large language models, 

highlighting methodologies, applications, challenges, and 

future directions. The paper highlights the methodologies 

employed, including fine-tuning pre-trained models as well as 

the challenges such as model biases and domain adaptation 

issues. The significance of sentiment analysis using LLMs 

across various industries, including e-commerce, social media 

monitoring, healthcare, and finance, has been discussed. In 

addition to the applications, challenges such as model biases, 

enhanced model interpretability to ensure fairness and 

transparency in sentiment analysis outcomes and advancing 

ethical practices and exploring multimodal sentiment analysis 

approaches have been discussed. By leveraging LLMs, 

organizations can gain valuable insights into customer 

opinions, brand perception, market trends, and public 

sentiment, enabling informed decision-making and enhanced 

customer experiences. 

7. REFERENCES 
[1] Chikersal, Prerna, Soujanya Poria, and Erik Cambria. 

”SeNTU: sentiment analysis of tweets by combining a 

rule-based classifier with supervised learning.” In 

Proceedings of the 9th international workshop on 

semantic evaluation (SemEval 2015), pp. 647-651. 2015.  

[2] Bhagat, Abhishek, Akash Sharma, and Sarat Chettri. 

”Machine learning based sentiment analysis for text 

messages.” International Journal of Computing and 

Technology (2020).  

[3] Taboada, Maite, Julian Brooke, Milan Tofiloski, 

Kimberly Voll, and Manfred Stede. ”Lexicon-based 

methods for sentiment analysis.” Computational 

linguistics 37, no. 2 (2011): 267-307.  

[4] Devlin, Jacob, Ming-Wei Chang, Kenton Lee, and 

Kristina Toutanova. ”Bert: Pre-training of deep 

bidirectional transformers for language understanding.” 

arXiv preprint arXiv:1810.04805 (2018).  

[5] Radford, Alec, Karthik Narasimhan, Tim Salimans, and 

Ilya Sutskever. ”Improving language understanding by 

generative pre-training.” (2018).  

[6] Yang, Zhilin, Zihang Dai, Yiming Yang, Jaime Carbonell, 

Russ R. Salakhutdinov, and Quoc V. Le. ”Xlnet: 

Generalized autoregressive pretraining for language 

understanding.” Advances in neural information 

processing systems 32 (2019).  

[7] Amari, Shun-ichi. ”Backpropagation and stochastic 

gradient descent method.” Neurocomputing 5, no. 4-5 

(1993): 185-196.  

[8] Kingma, Diederik P., and Jimmy Ba. ”Adam: A method 

for stochastic optimization.” arXiv preprint 

arXiv:1412.6980 (2014).  

[9] Bai, T., Luo, J., Zhao, J., Wen, B. and Wang, Q., 2021. 

Recent advances in adversarial training for adversarial 

robustness. arXiv preprint arXiv:2102.01356.  

[10] Shorten, Connor, Taghi M. Khoshgoftaar, and Borko 

Furht. ”Text data augmentation for deep learning.” 

Journal of big Data 8, no. 1 (2021): 101.  

[11] Yue, Lin, Weitong Chen, Xue Li, Wanli Zuo, and 

Minghao Yin. ”A survey of sentiment analysis in social 



International Journal of Computer Applications (0975 – 8887) 

Volume 186 – No.20, May 2024 

34 

media.” Knowledge and Information Systems 60 (2019): 

617-663.  

[12] Jabbar, Jahanzeb, Iqra Urooj, Wu JunSheng, and Naqash 

Azeem. ”Realtime sentiment analysis on E-commerce 

application.” In 2019 IEEE 16th international conference 

on networking, sensing and control (ICNSC), pp. 391-

396. IEEE, 2019.  

[13] Ram´ırez-Tinoco, Francisco Javier, Giner Alor-

Hernandez, Jos ́  e Luis ´ Sanchez-Cervantes, Mar ´ ´ıa del 

Pilar Salas-Zarate, and Rafael Valencia- ´ Garc´ıa. ”Use 

of sentiment analysis techniques in healthcare domain.” 

Current trends in semantic web technologies: theory and 

practice (2019): 189-212.  

[14] Mishev, Kostadin, Ana Gjorgjevikj, Irena Vodenska, 

Lubomir T. Chitkushev, and Dimitar Trajanov. 

”Evaluation of sentiment analysis in finance: from 

lexicons to transformers.” IEEE access 8 (2020): 131662-

131682.

 

IJCATM : www.ijcaonline.org  


