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Abstract 

Sentiment analysis (SA) has undergone a significant transformation with the 

emergence of Transformer-based models and Large Language Models 

(LLMs). This review provides a comprehensive overview of recent advances 

in Transformer-based SA, highlighting the impact of LLMs on accuracy, 

nuance, and context-awareness. Architectural innovations, domain 

adaptation techniques, and methods for handling context and long-range 

dependencies are explored. The review also addresses the critical challenges 

and limitations associated with LLMs in SA, including bias and fairness, 

interpretability and explainability, data scarcity, computational cost, and 

robustness against adversarial attacks. Mitigation strategies and best 

practices are examined, focusing on data augmentation, adversarial training, 

bias-aware training objectives, attention visualization, and model distillation. 

Finally, the review outlines future research directions, emphasizing 

multimodal sentiment analysis, explainable AI, ethical considerations, low-

resource languages, and domain-specific applications. This work concludes 

that while LLMs offer unprecedented opportunities for advancing SA, 

addressing the identified challenges is crucial for ensuring responsible and 

effective deployment in real-world scenarios. 
  

1. Introduction  

Sentiment analysis (SA), also known as 

opinion mining, has become a crucial tool for 

understanding public attitudes and emotions 

across various domains. From monitoring brand 

reputation on social media to gauging customer 

satisfaction with products and services, SA 

provides valuable insights that drive decision-

making in business, politics, and beyond [1]. 

Traditionally, SA relied on lexicon-based 

approaches and machine learning techniques 

such as Support Vector Machines (SVMs) and 

Naive Bayes classifiers [2]. However, these 

methods often struggle to capture the nuanced 

contextual information and long-range 

dependencies present in natural language.  

The advent of Transformer-based models 

and Large Language Models (LLMs) has 

revolutionized the field of SA. Transformers, 

introduced by Vaswani et al. [3], leverage the 

self-attention mechanism to weigh the 

importance of different words in a sentence, 

enabling them to capture complex relationships 

and dependencies more effectively. LLMs, such 

as BERT [4], RoBERTa [5], and the GPT series 

[6], further enhance this capability by pre-

training on massive datasets, allowing them to 

learn rich contextual representations and 

achieve state-of-the-art performance on a wide 

range of NLP tasks, including SA. Recent 

studies have demonstrated the superior 

performance of Transformer-based models over 
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traditional methods in SA across diverse 

datasets and languages [7], [8], [9]. 

Despite these advances, several challenges 

remain in leveraging LLMs for SA. These 

include addressing biases embedded in pre-

trained models [10], improving interpretability 

and explainability [11], and handling data 

scarcity for specific languages or domains [12]. 

Furthermore, the high computational cost 

associated with training and deploying large 

Transformer models poses a significant barrier 

to adoption, particularly in resource-

constrained environments. Addressing these 

challenges is critical for ensuring the 

responsible and effective deployment of LLMs 

for SA in real-world applications [13], [14]. 

This review article aims to provide a 

comprehensive overview of recent advances in 

Transformer-based SA, focusing on the impact 

of LLMs. It will synthesize the latest research 

on architectural innovations, domain adaptation 

techniques, bias mitigation strategies, and 

methods for improving interpretability and 

efficiency. This review is needed now because 

the field is rapidly evolving, and a consolidated 

analysis of the state-of-the-art is essential for 

guiding future research and development 

efforts. 

The primary objectives of this review article 

are: 

• To synthesize recent advances in 

Transformer-based architectures and 

training techniques for sentiment analysis. 

• To identify the key challenges and 

limitations of using Large Language Models 

(LLMs) for sentiment analysis, including 

biases, interpretability issues, and 

computational costs. 

• To examine existing strategies for mitigating 

bias, improving interpretability, and 

enhancing the efficiency of LLMs for 

sentiment analysis. 

• To suggest promising future research 

directions in sentiment analysis, with a focus 

on addressing the identified challenges and 

leveraging emerging technologies.  

This review aims to answer the following 

key research questions: 

• What are the most effective Transformer-

based architectures and training techniques 

for sentiment analysis, considering both 

accuracy and efficiency? 

• What are the main sources of bias in LLMs, 

and how do these biases impact sentiment 

analysis results across different demographic 

groups and contexts? 

• What are the most promising techniques for 

improving the interpretability and 

explainability of LLMs for sentiment 

analysis, allowing users to understand why a 

particular sentiment prediction was made? 

• How can we effectively adapt Transformer-

based models and LLMs to perform 

sentiment analysis in low-resource 

languages and specialized domains? 

• What are the key ethical considerations in 

using LLMs for sentiment analysis, and how 

can we ensure responsible and fair 

deployment of these technologies? 

The remainder of this review is organized as 

follows: Section 2 provides background 

information on sentiment analysis, Transformer 

architectures, and Large Language Models. 

Section 3 presents a detailed overview of recent 

advances in Transformer-based sentiment 

analysis, including architectural innovations 

and domain adaptation techniques. Section 4 

discusses the challenges and limitations of 

using LLMs for sentiment analysis, focusing on 

bias, interpretability, data scarcity, and 

computational cost. Section 5 examines 

mitigation strategies and best practices for 

addressing these challenges. Section 6 explores 

future research directions in sentiment analysis, 

including multimodal sentiment analysis, 

explainable AI, and ethical considerations. 

Finally, Section 7 concludes the review with a 

summary of key findings and a perspective on 

the future of sentiment analysis in the age of 

Transformers and LLMs. 

2. Background on Sentiment Analysis, 

Transformers, and LLMs 

2.1. Sentiment Analysis Fundamentals 

Sentiment analysis (SA) is a field of study 

within Natural Language Processing (NLP) that 

aims to identify, extract, quantify, and analyze 

affective states and subjective information [1]. 

In essence, SA seeks to determine the attitude, 

emotion, or opinion expressed in a piece of text 

towards a particular topic, product, service, 

organization, individual, or event. This analysis 
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can range from simple binary classification 

(positive, negative) to more nuanced scales that 

include neutral sentiment and varying degrees 

of positivity or negativity [2]. 

Several types of sentiment analysis exist, 

each tailored to specific applications and levels 

of granularity: 

a. Fine-grained Sentiment Analysis: This 

approach goes beyond simple positive, 

negative, and neutral classifications to 

identify more subtle sentiment intensities, 

such as "very positive," "slightly positive," 

"slightly negative," and "very negative" 

[15]. 

b. Aspect-Based Sentiment Analysis (ABSA): 

ABSA focuses on identifying the specific 

aspects or features of an entity that are 

being discussed and determining the 

sentiment expressed towards each aspect. 

For example, in a review of a restaurant, 

ABSA can identify the sentiment towards 

the food, service, ambiance, and price 

separately [16]. 

c. Emotion Detection: This type of SA aims to 

identify the specific emotions expressed in 

a text, such as happiness, sadness, anger, 

fear, surprise, and disgust [17]. 

d. Intent Analysis: Closely related to SA, 

intent analysis focuses on understanding the 

underlying intention or purpose behind a 

piece of text, such as a customer's intention 

to purchase a product or a user's intention to 

perform a specific action [18]. 

SA has a wide range of applications across 

various domains: 

a. Social Media Monitoring: Analyzing 

sentiment expressed in social media posts, 

comments, and tweets to understand public 

opinion about brands, products, and events 

[19]. 

b. Customer Feedback Analysis: Analyzing 

customer reviews, surveys, and feedback 

forms to identify areas for improvement 

and enhance customer satisfaction [20]. 

c. Market Research: Understanding consumer 

preferences and trends by analyzing 

sentiment expressed in online forums, 

blogs, and news articles [21]. 

d. Political Analysis: Gauging public 

sentiment towards political candidates, 

policies, and events to inform campaign 

strategies and policy decisions [22].  

e. Healthcare: Analyzing patient feedback and 

medical records to improve healthcare 

services and patient outcomes [23]. 

Traditional SA techniques primarily relied 

on two main approaches: 

a. Lexicon-Based Approaches: These 

methods use pre-defined dictionaries or 

lexicons of words and phrases associated 

with positive and negative sentiments. The 

sentiment of a text is determined by 

summing the sentiment scores of the words 

and phrases it contains [24]. 

b. Machine Learning-Based Approaches: 

These methods train machine learning 

models on labeled datasets of text and 

sentiment to learn patterns and relationships 

between text and sentiment. Common 

machine learning algorithms used for SA 

include Naive Bayes, Support Vector 

Machines (SVMs), and Maximum Entropy 

classifiers [25]. 

While these traditional techniques have been 

effective in many applications, they often 

struggle to capture the complexities of natural 

language, such as sarcasm, irony, and 

contextual dependencies. The advent of 

Transformer-based models and LLMs has 

provided a powerful new approach to SA that 

can overcome many of these limitations. 

2.2. The Rise of Transformers 

The Transformer architecture, introduced by 

Vaswani et al. in their seminal paper "Attention 

is All You Need" [3], has revolutionized the 

field of NLP. Unlike previous sequence models 

such as Recurrent Neural Networks (RNNs) and 

Long Short-Term Memory networks (LSTMs) 

[26], which process text sequentially, 

Transformers rely on the self-attention 

mechanism to process the entire input sequence 

in parallel. This parallel processing capability 

enables Transformers to be significantly faster 

and more efficient than RNNs and LSTMs, 

particularly for long sequences. 

Recently, advancements in deep learning 

have introduced the Transformer architecture, 

which has significantly improved sentiment 

classification performance. Moreover, the 

architecture has several advantages over 

previous sequence models [27]: 
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a. Parallel Processing: Enables faster training 

and inference, particularly for long 

sequences. 

b. Long-Range Dependencies: Captures long-

range dependencies more effectively than 

RNNs and LSTMs. 

c. Contextual Information: Captures rich 

contextual information by attending to all 

other words in the sequence. 

d. Scalability: Can be scaled to very large 

models with billions of parameters. 

The success of the Transformer architecture 

has led to its widespread adoption in a wide 

range of NLP tasks, including machine 

translation, text summarization, question 

answering, and sentiment analysis. 

2.3. Large Language Models (LLMs) 

Large Language Models (LLMs) are neural 

network models that build upon the 

Transformer architecture by scaling up the size 

of the model (number of parameters) and pre-

training on massive datasets of text and code 

[20]. These massive datasets, often consisting 

of billions or even trillions of tokens, allow 

LLMs to learn rich statistical patterns and 

relationships in language, enabling them to 

generate coherent and fluent text, translate 

languages, answer questions, and perform a 

wide variety of other NLP tasks. 

Popular LLMs include: 

a. BERT (Bidirectional Encoder 

Representations from Transformers): A 

masked language model that learns 

bidirectional representations of text by 

predicting masked words in a sentence [4]. 

b. RoBERTa (Robustly Optimized BERT 

Approach): An improved version of BERT 

that uses a larger training dataset and a more 

optimized training procedure [5]. 

c. GPT Series (Generative Pre-trained 

Transformer): A series of language models 

that use a decoder-only Transformer 

architecture to generate text 

autoregressively [6]. 

d. T5 (Text-to-Text Transfer Transformer): A 

language model that frames all NLP tasks 

as text-to-text problems, allowing it to be 

fine-tuned for a wide range of tasks using a 

single model [21]. 

LLMs can be fine-tuned for sentiment 

analysis by training them on labeled datasets of 

text and sentiment. Fine-tuning involves 

updating the weights of the pre-trained model to 

optimize its performance on the specific SA 

task. This approach typically results in 

significantly better performance than training a 

model from scratch, particularly when labeled 

data is limited [22]. 

The development of LLMs has had a 

profound impact on the field of sentiment 

analysis. LLMs can capture the nuances of 

language, understand context, and generate 

accurate sentiment predictions with minimal 

supervision. However, it's crucial to 

acknowledge their limitations, including 

potential biases and the computational 

resources required for training and deployment, 

as we explore further in the subsequent sections. 

3. Recent Advances in Transformer-Based 

Sentiment Analysis  

The advent of Transformer-based models 

has spurred significant advancements in 

sentiment analysis, leading to more accurate, 

nuanced, and context-aware sentiment 

predictions. This section delves into recent 

innovations in Transformer architectures, 

domain adaptation techniques, methods for 

handling context and long-range dependencies, 

and approaches to explainable sentiment 

analysis. 

3.1. Architectural Innovations 

Researchers have explored various 

architectural modifications to the standard 

Transformer to enhance its performance on 

sentiment analysis tasks. These innovations 

often focus on adapting the attention 

mechanism, incorporating sentiment-specific 

information, or improving the model's ability to 

capture subtle sentiment cues. Some notable 

architectural innovations include: 

a. Sentiment-Specific Word Embeddings: 

Traditional word embeddings may not 

effectively capture sentiment-related 

information. Researchers have proposed 

methods for incorporating sentiment-

specific information into word embeddings, 

such as training embeddings on sentiment-

labeled data or using sentiment lexicons to 

guide the embedding process. For instance, 

[28] introduced Sentiment Treebank-

enhanced embeddings that significantly 

improve sentiment classification accuracy. 
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b. Attentive Pooling Mechanisms: Pooling 

layers are often used in Transformer-based 

models to aggregate information from 

different parts of the input sequence. 

Attentive pooling mechanisms allow the 

model to selectively attend to the most 

relevant parts of the sequence when 

pooling, improving the model's ability to 

capture important sentiment cues. [29] 

proposed an attentive pooling mechanism 

that weighs the importance of different 

words based on their relevance to the 

overall sentiment. 

c. Sentiment-Aware Attention: This approach 

modifies the self-attention mechanism to 

incorporate sentiment information directly 

into the attention weights. By attending to 

words that are highly indicative of 

sentiment, the model can better capture the 

overall sentiment of the text. For example, 

[30] proposed a sentiment-aware attention 

mechanism that uses sentiment lexicons to 

guide the attention process. 

d. Incorporating External Knowledge: Several 

studies have explored incorporating 

external knowledge sources, such as 

sentiment lexicons or knowledge graphs, 

into Transformer-based models to enhance 

sentiment analysis performance. [31] 

showed that incorporating a sentiment 

lexicon into the Transformer architecture 

can improve accuracy, especially in cases 

where labeled data is limited. 

3.2. Domain Adaptation and Transfer Learning 

Sentiment analysis models often struggle 

to generalize well across different domains, due 

to variations in language, style, and sentiment 

expression. Domain adaptation and transfer 

learning techniques aim to address this issue by 

leveraging knowledge learned from one domain 

(the source domain) to improve performance in 

another domain (the target domain). Recent 

advances in this area include: 

a. Fine-Tuning Pre-trained Models: A 

common approach to domain adaptation is 

to fine-tune a pre-trained Transformer 

model on the target domain data. This 

allows the model to leverage the knowledge 

it has already learned from the source 

domain while adapting to the specific 

characteristics of the target domain. [32] 

demonstrated the effectiveness of fine-

tuning BERT on sentiment analysis tasks in 

various domains. 

b. Adversarial Domain Adaptation: This 

technique uses adversarial training to learn 

domain-invariant features that are effective 

across both the source and target domains. 

By training the model to discriminate 

between the two domains, adversarial 

domain adaptation can reduce the domain 

gap and improve generalization 

performance. For instance, [33] used 

adversarial training to adapt a Transformer 

model for sentiment analysis in the 

healthcare domain. 

c. Multi-Task Learning: This approach trains 

the model on multiple related tasks 

simultaneously, such as sentiment analysis 

and topic classification. By sharing 

knowledge between the tasks, multi-task 

learning can improve performance on each 

individual task and enhance generalization 

across domains. [34] proposed a multi-task 

learning framework for sentiment analysis 

that incorporates both sentiment 

classification and aspect extraction. 

d. Few-Shot Learning: In many real-world 

scenarios, labeled data in the target domain 

is scarce. Few-shot learning techniques aim 

to address this issue by training models that 

can quickly adapt to new domains with only 

a few labeled examples. [35] introduced a 

meta-learning approach for few-shot 

sentiment analysis that learns to adapt to 

new domains with minimal supervision. 

3.3. Handling Context and Long-Range 

Dependencies 

Effective sentiment analysis requires 

capturing contextual information and long-

range dependencies in text. Transformer-based 

models are well-suited for this task due to their 

ability to attend to all parts of the input 

sequence. Recent advances in this area include: 

a. Hierarchical Attention Mechanisms: These 

mechanisms allow the model to attend to 

different levels of granularity in the input 

sequence, such as words, sentences, and 

paragraphs. By capturing relationships at 

multiple levels, hierarchical attention can 

improve the model's ability to understand 

complex context and long-range 

dependencies. [36] proposed a hierarchical 

attention network for sentiment analysis 
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that captures relationships between words, 

sentences, and documents. 

b. Memory-Augmented Transformers: These 

models augment the Transformer 

architecture with external memory modules 

that allow the model to store and retrieve 

relevant information from previous inputs. 

This can be particularly useful for handling 

long-range dependencies in documents or 

conversations. [37] used a memory-

augmented Transformer for sentiment 

analysis in online reviews, allowing the 

model to capture relationships between 

different reviews from the same user. 

c. Graph-Based Approaches: Representing 

text as a graph, where nodes represent 

words or sentences and edges represent 

relationships between them, can be an 

effective way to capture contextual 

information and long-range dependencies. 

Graph-based approaches can be combined 

with Transformer models to enhance 

sentiment analysis performance. [38] 

proposed a graph convolutional network 

(GCN) combined with a Transformer for 

sentiment analysis, which models 

relationships between words in a sentence 

using a graph structure. 

3.4. Explainable Sentiment Analysis 

As Transformer-based models become more 

complex, it is increasingly important to 

understand why they make particular sentiment 

predictions. Explainable sentiment analysis 

(XSA) aims to provide insights into the 

decision-making process of these models, 

making them more transparent and trustworthy. 

Recent advances in XSA include: 

a. Attention Visualization: Visualizing the 

attention weights learned by Transformer 

models can provide insights into which 

words or phrases the model is attending to 

when making sentiment predictions. This 

can help to understand the model's 

reasoning process and identify potential 

biases. For example, [39] used attention 

visualization to analyze the behavior of 

BERT for sentiment analysis. 

b. Feature Attribution Methods: These 

methods aim to identify the input features 

(e.g., words or phrases) that are most 

responsible for a particular sentiment 

prediction. Feature attribution methods can 

help to understand which aspects of the text 

are driving the model's decision and 

identify potential areas for improvement. 

[40] applied feature attribution methods to 

Transformer-based models for sentiment 

analysis, identifying the words that have the 

greatest influence on the sentiment 

prediction. 

c. Rule Extraction: This approach aims to 

extract human-readable rules from 

Transformer-based models that explain 

how they make sentiment predictions. Rule 

extraction can provide a more transparent 

and interpretable understanding of the 

model's decision-making process. [41] 

proposed a rule extraction method for 

sentiment analysis that extracts rules based 

on the attention weights learned by the 

Transformer model. 

d. Knowledge Distillation: This technique 

involves training a smaller, more 

interpretable model to mimic the behavior 

of a larger, more complex Transformer-

based model. Knowledge distillation can 

provide a more efficient and interpretable 

alternative to directly analyzing the larger 

model. [42] used knowledge distillation to 

train a simpler model for sentiment analysis 

that achieves comparable accuracy to a 

larger Transformer model while being more 

interpretable.  

The advances discussed in this section 

highlight the ongoing efforts to improve the 

accuracy, generalizability, and interpretability 

of Transformer-based sentiment analysis 

models. As research in this area continues to 

evolve, we can expect to see even more 

sophisticated techniques emerge that push the 

boundaries of what is possible in sentiment 

analysis.  

4. Challenges and Limitations of LLMs in 

Sentiment Analysis  

While Large Language Models (LLMs) 

have achieved remarkable success in sentiment 

analysis, they are not without their limitations. 

This section explores key challenges related to 

bias and fairness, interpretability and 

explainability, data scarcity, computational cost 

and scalability, and robustness against 

adversarial attacks. 

4.1. Bias and Fairness 
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One of the most pressing concerns with 

LLMs is their potential to perpetuate and 

amplify biases present in the training data. 

These biases can manifest in various forms, 

including gender bias, racial bias, political bias, 

and socioeconomic bias [43]. The impact of 

bias on sentiment analysis can be significant, 

leading to inaccurate or unfair sentiment 

predictions for certain demographic groups or 

viewpoints. 

a. Gender Bias: LLMs may exhibit gender 

bias in sentiment analysis, associating 

certain sentiments or emotions with specific 

genders. For example, a model may be 

more likely to predict positive sentiment for 

male-authored text and negative sentiment 

for female-authored text, even if the content 

is similar [44]. 

b. Racial Bias: LLMs can also exhibit racial 

bias, associating certain sentiments or 

emotions with specific racial groups. This 

can lead to discriminatory outcomes in 

applications such as hiring, loan 

applications, and criminal justice [45]. 

c. Political Bias: The training data used for 

LLMs may contain political biases, leading 

the model to favor certain political 

viewpoints over others. This can affect the 

accuracy of sentiment analysis in political 

discussions and lead to skewed perceptions 

of public opinion [46]. 

Identifying and mitigating bias in LLMs for 

sentiment analysis is a complex challenge. 

Strategies for addressing bias include: 

a. Data Augmentation: Augmenting the 

training data with examples that are 

representative of different demographic 

groups and viewpoints. 

b. Adversarial Training: Training the model to 

be robust against adversarial examples 

designed to exploit biases. 

c. Bias-Aware Training Objectives: 

Modifying the training objective to penalize 

biased predictions. 

d. Debiasing Techniques: Applying post-

processing techniques to remove or reduce 

bias in the model's predictions [47]. 

4.2. Interpretability and Explainability 

LLMs are often considered "black boxes" 

due to their complex architecture and the large 

number of parameters they contain. 

Understanding why an LLM makes a particular 

sentiment prediction can be challenging, 

hindering trust and accountability. 

Interpretability and explainability are crucial 

for ensuring that LLMs are used responsibly 

and ethically in sentiment analysis. 

Challenges related to interpretability and 

explainability include: 

a. Complexity: The complex architecture of 

LLMs makes it difficult to understand the 

decision-making process. 

b. Non-Linearity: LLMs learn non-linear 

relationships between input text and 

sentiment, making it hard to trace the flow 

of information and identify the key factors 

influencing the prediction. 

c. Lack of Transparency: The internal 

workings of LLMs are often opaque, 

making it difficult to assess the model's 

strengths and weaknesses. 

Techniques for improving the 

interpretability and explainability of LLMs for 

sentiment analysis include: 

a. Attention Visualization: Visualizing the 

attention weights learned by the model to 

identify the words or phrases that are most 

relevant to the sentiment prediction [39]. 

b. Feature Attribution Methods: Identifying 

the input features (e.g., words or phrases) 

that have the greatest influence on the 

sentiment prediction [41]. 

c. Rule Extraction: Extracting human-

readable rules from the model that explain 

how it makes sentiment predictions. 

d. Knowledge Distillation: Training a simpler, 

more interpretable model to mimic the 

behavior of the LLM [42]. 

4.3. Data Scarcity for Specific 

Languages/Domains 

LLMs typically require massive amounts of 

training data to achieve high performance. 

However, labeled data for sentiment analysis is 

often scarce for certain languages and 

specialized domains. This data scarcity can 

limit the accuracy and generalizability of LLMs 

in these contexts. 

Challenges related to data scarcity include: 

a. Limited Labeled Data: The lack of labeled 

data makes it difficult to train accurate 

sentiment analysis models. 

b. Domain Adaptation Issues: Models trained 

on data from one domain may not 

generalize well to other domains due to 
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differences in language, style, and 

sentiment expression. 

c. Language-Specific Challenges: Sentiment 

analysis in low-resource languages presents 

unique challenges due to the limited 

availability of linguistic resources and the 

complexity of the language [48]. 

Techniques for addressing data scarcity 

include: 

a. Zero-Shot Learning: Leveraging pre-

trained models to perform sentiment 

analysis in new languages or domains 

without any labeled data. 

b. Few-Shot Learning: Training models that 

can quickly adapt to new languages or 

domains with only a few labeled examples. 

c. Data Augmentation: Generating synthetic 

data to increase the size of the training set 

[49]. 

d. Transfer Learning: Transferring knowledge 

learned from other languages or domains to 

improve performance in the target language 

or domain. 

4.4. Computational Cost and Scalability 

LLMs are computationally expensive to 

train and deploy, requiring significant resources 

in terms of hardware, software, and energy 

consumption. The high computational cost can 

be a barrier to adoption, particularly for 

organizations with limited resources. 

Challenges related to computational cost and 

scalability include: 

a. Training Time: Training LLMs can take 

days or even weeks, requiring significant 

computational resources. 

b. Inference Time: Deploying LLMs for real-

time sentiment analysis can be 

computationally expensive, leading to slow 

response times. 

c. Memory Requirements: LLMs require 

large amounts of memory to store the model 

parameters, which can be a limitation for 

deployment on resource-constrained 

devices. 

Techniques for reducing the computational 

cost and improving the scalability of LLMs 

include: 

a. Model Distillation: Training a smaller, 

more efficient model to mimic the behavior 

of a larger LLM [42]. 

b. Quantization: Reducing the precision of the 

model parameters to reduce memory 

requirements and improve inference speed. 

c. Pruning: Removing less important 

connections in the model to reduce the 

number of parameters and improve 

efficiency. 

d. Hardware Acceleration: Utilizing 

specialized hardware, such as GPUs and 

TPUs, to accelerate training and inference 

[50]. 

4.5. Robustness and Adversarial Attacks 

LLMs can be vulnerable to adversarial 

attacks, where malicious actors craft subtle 

perturbations to input text that cause the model 

to make incorrect sentiment predictions. These 

attacks can have serious consequences in 

applications such as social media monitoring 

and fraud detection [51].  

Challenges related to robustness and 

adversarial attacks include: 

a. Vulnerability to Perturbations: LLMs can 

be easily fooled by small changes to the 

input text. 

b. Difficulty in Detecting Attacks: 

Adversarial attacks can be difficult to 

detect, as the perturbed text may appear 

normal to human readers. 

c. Lack of Robustness: LLMs may not 

generalize well to slightly different input 

text due to their sensitivity to specific word 

choices and phrasing. 

Techniques for improving the robustness of 

LLMs against adversarial attacks include:  

a. Adversarial Training: Training the model 

on adversarial examples to make it more 

robust against perturbations. 

b. Input Sanitization: Preprocessing the input 

text to remove or neutralize potential 

adversarial perturbations. 

c. Defense Mechanisms: Implementing 

defense mechanisms that detect and block 

adversarial attacks [52]. 

Addressing these challenges is crucial for 

ensuring the responsible and effective 

deployment of LLMs for sentiment analysis in 

real-world applications. Future research should 

focus on developing more robust, interpretable, 

and scalable LLMs that are less susceptible to 

bias and adversarial attacks.  
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5. Conclusion  

This review has explored the transformative 

impact of Transformers and Large Language 

Models (LLMs) on the field of sentiment 

analysis. We have highlighted the significant 

advancements achieved through architectural 

innovations, domain adaptation techniques, and 

methods for handling context and long-range 

dependencies. Transformer-based models have 

demonstrated superior performance compared 

to traditional sentiment analysis methods, 

enabling more accurate, nuanced, and context-

aware sentiment predictions. 

However, this review also acknowledges 

the significant challenges and limitations 

associated with leveraging LLMs for sentiment 

analysis. These include concerns related to bias 

and fairness, interpretability and explainability, 

data scarcity for specific languages/domains, 

computational cost and scalability, and 

robustness against adversarial attacks. Each of 

these challenges presents a barrier to the 

widespread and responsible deployment of 

LLMs in real-world sentiment analysis 

applications. 

The analysis of mitigation strategies and 

best practices reveals promising approaches for 

addressing these challenges. Techniques such 

as data augmentation, adversarial training, bias-

aware training objectives, attention 

visualization, feature attribution methods, 

model distillation, quantization, and adversarial 

defense mechanisms offer potential solutions 

for improving the robustness, fairness, 

interpretability, and efficiency of LLMs in 

sentiment analysis. 
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