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The significance of sentiment analysis has extended across a wide range of fields, finding extensive use in various

applications. As digital communication continues to expand, the ability of sentiment analysis to interpret complex

human emotions and opinions becomes increasingly important, proving invaluable in fields ranging from social

sciences to customer service and beyond. In this era of increasing digitization, leveraging the power of data

through sentiment analysis offers unique insights, making significant contributions to sectors such as those

previously summarized in various studies, namely, healthcare, social policy, e-commerce, and digital humanities.
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1. Text Generation

A recent systematic literature review by Fatima et al.  scrutinized 90 primary studies conducted from 2015 to

2021, which highlighted methods for generating text, quality measures, datasets, and languages, along with their

usage in the context of deep learning. This research emphasized the escalating interest in deep learning

methodologies for text generation over the studied period. Significantly, it highlighted the potential of GPT-3 in

generating text due to its extensive training and substantial generative capabilities. Iqbal and Qureshi  furthered

this by demonstrating that current deep learning methods applied in the realm of synthetic text creation encompass

Variational Auto-Encoders (VAEs) and Generative Adversarial Networks (GANs).

GAN-based text generation has been explored extensively in recent studies. Wang and Wan  unveiled a fresh

architectural framework—SentiGAN, which encompasses multiple generators and one multi-class discriminator, all

architected specifically to concoct a wide range of examples that all carry a specific sentiment label. Building on

this, Liu et al.  advanced this framework by proposing a GAN that is aware of its category (CatGAN). This was

equipped with an efficient model for generating text according to its category, in addition to a hierarchical algorithm

for evolutionary learning dedicated to training the model.

The revolutionary “Transformer” model was introduced by Vaswani et al. , providing the groundwork for

subsequent language generation models, including the GPT and BERT architectures. Following this, Radford et al.
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 presented a seminal paper introducing the GPT-2 model, a noteworthy development in the field of language

generation.

Recent studies have employed GPT-2 in various innovative ways for text generation. Anaby-Tavor et al. 

leveraged GPT-2 in a method called LAMBADA, while Ma et al.  proposed the Switch-GPT method. Xu et al. 

used GPT-2 and T5 to generate table captions, and Bayer et al.  also utilized GPT-2, but because of some

limitations, they suggested GPT-3 as a viable choice for enhancing results, having utilized GPT-2 in their proposed

method for text generation.

The introduction of GPT-3, the successor of GPT-2, marked another milestone in this field . Recently, Zhong et

al.  investigated the understanding ability of ChatGPT, a GPT model variant, by subjecting it to the well-known

GLUE benchmark test and juxtaposing its performance against four emblematic models that had been fine-tuned in

the style of BERT. These studies form the backbone of researchers' understanding and application of text

generation and sentiment analysis, with this research intending to contribute further to this growing body of

knowledge.

2. Imbalanced Sentiment Analysis

The topic of imbalanced sentiment analysis has been a vibrant area of research in recent years, with numerous

approaches developed to tackle this problem.

Obiedat et al.  introduced a combined method that melds the Support Vector Machine (SVM) algorithm with

Particle Swarm Optimization (PSO), along with several oversampling methods to tackle the problem of unbalanced

sentiment analysis within a dataset of customer reviews. This tactic proved successful in dealing with data

disparity, showcasing the promise of these hybrid methods in this field.

Han Wen and Junfang Zhao  introduced an alternate strategy, which suggested a technique for sentiment

evaluation of unbalanced comment data utilizing a BiLSTM structure. The approach involved Adaptive Synthetic

Sampling in cases where the dataset contained more negative instances than positive ones, deploying a model

based on CNN-BiLSTM for classifying the sentiment.

In the same spirit, Tan et al.  crafted an innovative hybrid system that amalgamates the advantages of the

Transformer model, exemplified by the Robustly Optimized BERT Pretraining Approach (RoBERTa), and the

Recurrent Neural Network, embodied by Gated Recurrent Units (GRUs). This hybrid system was engineered to

address the issue of unbalanced datasets by applying data augmentation via word embeddings, while

oversampling the minority class, thereby boosting the model’s ability to represent data and its resilience in

executing sentiment classification tasks.

Wu and Huang  proposed a different method for handling imbalanced text data. They introduced a hybrid

method, which utilizes a generative adversarial network alongside the Shapley algorithm, termed HEGS. This
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structure could produce a wide range of training phrases to level the textual data and bolster the ability to classify

instances belonging to the minority classes.

Almuayqil et al.  took an innovative approach by designing a model specifically for imbalanced Twitter datasets.

By utilizing an array of text sequencing preprocessing methods combined with random under-sampling of the

majority class, they managed to considerably cut down the computational time required for the task.

Further investigating Twitter data, Ghosh et al.  assessed the efficacy of varying proportions of synthetic

oversampling techniques to manage class imbalance in Twitter sentiment analysis. Concurrently, George 

introduced a unique synthetic oversampling method, SMOTE, amalgamated with a composite model referred to as

the Ensemble Bagging Support Vector Machine (EBSVM), to address the problem of data imbalance.

Cai and Zhang  adopted a unique perspective by concentrating on sentiment information extraction from an

imbalanced short text review dataset. They introduced a fusion multi-channel BLTCN-BLSTM self-attention

sentiment classification strategy, amalgamating focus loss rebalancing and classifier enhancement mechanisms to

boost sentiment prediction accuracy.

A recent approach to handling imbalanced sentiment analysis is by generating artificial text for minority classes.

Imran et al.  utilized a GAN-based model to generate synthetic data for tackling this problem. Similarly, Habbat

et al.  employed a pretrained AraGPT-2-based model to create synthetic Arabic text, addressing the issue of

imbalanced sentiment analysis. Following this, they utilized AraBERT for textual representation and a deep

learning model stack for classification. This research illuminates the potential of language-specific models in

proficiently managing tasks related to imbalanced sentiment analysis.

Lastly, Ekinci  performed a comparative study of imbalanced offensive data classification using an LSTM-based

sentence generation method. Various classifiers were trained using TF-IDF and Word2vec for text representation,

demonstrating the value of sentence generation methods in handling imbalanced sentiment analysis tasks.

Together, these studies highlight the diverse methods and models available to handle imbalanced sentiment

analysis, and they set the foundation for further research in this field.
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