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ABSTRACT

Sentiment analysis is essential for understanding people’s experiences and so-
cial media trends. However, challenges such as imbalanced datasets, limited
data availability, and the informal nature of user-generated content often de-
grade a model’s ability to achieve higher accuracy. This study presents that
data augmentation using SeqGAN can effectively addresses these issues and im-
prove prediction performance compared to traditional NLP-based augmentation
techniques. A variety of Machine Learning (ML), Deep Learning (DL), hybrid,
and GAN-based models were evaluated to predict sentiment from social media
comments. After generating synthetic data using both SeqGAN and NLP-based
techniques, all models were retrained, and notable improvements in accuracy
were observed with the SeqGAN-augmented dataset. The use of synthetically
generated data led to a statistically significant increase in classification perfor-
mance, with a mean absolute accuracy improvement of approximately 4–5%
across the full dataset. These findings highlight that GAN-based data augmen-
tation, particularly through tailored synthetic sample generation, can enhance
model robustness and boost sentiment prediction accuracy more effectively than
conventional augmentation approaches.
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1. INTRODUCTION
Sentiment analysis is the process of analyzing emotions and opinions in text documents; it is also

known as opinion mining. People frequently share and seek opinions on various online platforms. So, mil-
lions of opinions are available on the web. Opinion is a valuable insight that helps people understand different
perspectives on any topic. The three main components of opinion mining are: Opinion Holder: The person
or organization expressing the opinion; Opinion Object: The feature or entity being discussed; Opinion Ori-
entation: The classification of the opinion as positive, negative, or neutral [1]. It is important to analyze these
opinions automatically and build a model that can classify them as positive, negative, or neutral. Researchers
have proposed various ML and DL models, such as Support Vector Machines (SVM) and Random Forest (RF),
which have proven effective in sentiment classification tasks. Meanwhile, DL models, including Convolutional
Neural Networks (CNN) and Recurrent Neural Networks (RNN), are used for automatic opinion classification
[2, 3]. Traditional ML and DL models can perform well, capturing complex relationships to improve classi-
fication accuracy. Obtaining high-quality labeled datasets remains a major challenge. Additionally, language
complexity, implicit sentiment, and expressive variation pose challenges for accurate text classification. Tradi-
tional data augmentation methods, such as synonym replacement, reverse translation, and word perturbation,
can offer some improvement for sentiment classification [4], but fail to capture the diverse expressions and nu-
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ances present in text. To address this issue, Generative Adversarial Networks (GANs) are a powerful approach
used to generate synthetic data and create realistic synthetic samples. Traditional augmentation methods do not
produce examples that are as high-quality and therefore may be less effective in improving the performance of
ML models [5].

The main objective of this paper is to investigate how GANs can improve sentiment classification
accuracy by generating synthetic data. It especially seeks to address the challenge of limited data and language
complexity. By generating synthetic data using GAN, this paper finds better accuracy in predicting the classi-
fication. The rest of the paper is organized as follows: Section 2 provides a review of the various models used
in sentiment analysis. Section 3 discusses the methodology of the study, focusing on how GANs are integrated
into sentiment analysis to improve model performance by augmenting data. Section 4 provides the perfor-
mance of those models for sentiment analysis, comparing models with and without the use of GAN-based data
augmentation. Finally, Section 5 concludes by summarizing the key findings and discussing future work.

2. RELATED WORKS
Sentiment Analysis is one of the most significant research interest areas of Natural Language Pro-

cessing (NLP), which is widely adopted across areas like social media monitoring, product review analysis,
healthcare, finance, business intelligence, etc. Recent research has abandoned the use of traditional machine
learning approaches for deep learning and transformer-based approaches to better capture contextual informa-
tion and to boost the accuracy of the classification. Even with these achievements, it is still difficult to access
high-quality labeled data, especially when the sample size is small, the data is imbalanced, or it comes from
specialized areas. Due to this, data augmentation and generative text have become more and more popular
for enhancing model robustness and generalization [6]. For sentiment analysis, ML and DL are both used to
identify the category of sentiment (positive, negative, neutral). SVM can handle high-dimensional data and
identify the best boundaries across classes, so it has become more popular for sentiment analysis. This was
also used for spotting false information in jobs [7], particularly widely used on sites [8] such as Amazon. SVM
was used to analyze sentiment in Twitter data and IMDb movie reviews in 2019 [9] with remarkable accuracy.
Based on Bayes’ theorem, the Naı̈ve Bayes family was employed for text classification tasks such as sentiment
analysis, spam filtering, article classification, and more [10]. It works in many NLP applications, especially
when paired with feature selection and smoothing methods. Recently, many studies have proposed a hybrid
model for sentiment analysis that combines Naı̈ve Bayes, SVM, and DL models [11–13].

Transformer models have made great strides in sentiment classification, achieving better performance
in learning contextual representations of words than traditional approaches. To overcome these challenges,
Gong et al. introduced a lightweight transformer framework with text augmentation and knowledge distillation
to enhance the performance of sentiment analysis under limited labeled data settings. With augmentation
techniques, their approach showed competitive performance with a reduced computational cost, proving the
effectiveness of using augmentation techniques with transformer architectures [14]. Likewise, transformer-
based models and hybrid deep learning architectures have emerged as the current state-of-the-art for sentiment
analysis, owing to their excellent contextual understanding and versatility in various application areas [15].
DistilBERT is more efficient for maintaining a large amount of language comprehension than BERT. It can
accurately determine the text context. For sentiment analysis with emoji analysis to comprehend emotional
dynamics in digital communication, DistilBERT was used. DistilBERT was also used to categorize public
opinions during the COVID-19 epidemic [16–18]. The RoBERTa-LSTM model was used with GloVe data
augmentation and achieved better accuracy [19]. A hybrid CNN-LSTM model achieved better results, and
CNN and LSTM models achieved lower than hybrid in sentiment classification for two benchmark datasets.
CNN was employed in their study to obtain higher-level features, while LSTM was employed for its ability to
capture long-term dependencies between word sequences. The SVM technique is applied to the CNN-LSTM
model to obtain better results than using an individual model for performing sentiment analysis [20].

On the other hand, researchers have explored the synthetic data generation technique to tackle the
drawbacks of small and imbalanced datasets, in addition to enhancing classification models. SentiGAN and
CatGAN were used to synthesize minority sentiment classes and showed that sentiment classification per-
formance significantly improved when the minority classes were balanced [21]. They reported that the text
generated by GAN can successfully alleviate the class imbalance problem and improve the reliability of the
classifiers. SentiGAN and CatGAN can overcome those challenges and improve classification outcomes on
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highly imbalanced educational datasets, as shown in the paper [22]. The study also showed, though, that it is
difficult to achieve diversity and semantic consistency in the generation of synthetic text. To create realistic
and sentiment-consistent synthetic data, Researchers have come up with a framework named SentiGEN, which
integrates a modified T5 transformer with XLNet-based validation [23]. However, GANs are still an important
part of the research field of high-quality text generation. To address this issue, Luo et al. suggested a framework
that incorporates sentence compression and data screening techniques to produce quality synthetic sentences
while retaining the sentiment information. Their approach proved to be very effective in solving the challenges
of generating long texts and resulted in higher classification accuracy on several sentiment datasets, which
makes SeqGAN one of the most promising approaches for augmenting sentences for sentiment [24]. Con-
ditional GAN (cGAN) [22] is suitable to enhance sentiment classification accuracy in low-resource contexts.
Studies suggested another GAN approach to augment the data for low-resource sentiment databases and boost
the performance of textual classification. They also conducted data quality analysis by t-SNE visualization.

Several works have investigated traditional text enhancements to achieve model generalization as well.
Synonym replacement, random insertion, random deletion, and random swapping have been applied to the
dataset successfully in Dynamic Easy Data Augmentation (EDA) to enhance the dataset’s feature diversity
and reduce the overfitting effect when using deep convolutional networks. Experimental results showed that
significant enhancement in terms of F1-score and robustness in classification can be achieved, especially in the
case of a limited number of training samples [25]. For NLP applications like sentiment analysis, their survey
noted that good synthetic text is increasingly crucial as it directly affects the results of the models trained on it
[26]. Furthermore, researchers have explored the problem of text augmentation for GAN from a more general
standpoint. In their systematic review about text augmentation with GANs, Silva et al. found that adversarial
learning can significantly enhance text classification tasks by creating a variety of training instances [27].
Recently, augmentation using GAN has been successfully adapted for low-resource languages. Mohammadi
and colleagues created a Persian sentiment analysis synthetic data generation framework using GANs and
found significant improvements in classification accuracy when using synthetic data as an augmentation of the
original data [28].

Previous works have shown positive results with the use of transformer-based models, NLP-based
augmentation, and GAN-based synthetic text generation, there are still some technical challenges to be over-
come. The majority of the current literature tests only a few classifiers, and it is not possible to assess whether
a specific augmentation strategy is valid for a given learning paradigm. In addition, the previous studies are
mainly focused on either the conventional NLP augmentation or the GAN augmentation separately, without a
systematic comparison under the same experimental setups. Furthermore, the influence of various augmenta-
tion techniques on model robustness and generalization capability is not well studied across the different types
of classifiers (machine learning, deep learning, hybrid, and generative adversarial network (GAN)), but only
limited attention has been paid to how the augmentation methods impact these models. To overcome these
shortcomings, this study compares and evaluates a large number of machine learning, deep learning, hybrid,
and GAN-based sentiment classification models in a uniform experimental setup with original, NLP-enhanced,
and generated data sets. The proposed evaluation allows us to gain a deeper insight into the impact of the
synthetic text generated by SeqGAN on feature learning, model generalization, and the performance of the
sentiment classification model in comparison to traditional NLP-based augmentation methods.

3. METHODOLOGY
The steps of our methodology are depicted in Figure 1. The steps begin with collecting the datasets.

After that, we clean and preprocess the data and expand it using data augmentation. Later, we apply several
ML, DL, and hybrid models on both augmented and non-augmented data. Finally, the work procedure ends
with evaluating the results to assess the models’ comparative performance.

3.1. Data Description
Twitter and Facebook were particularly significant tools for analysis because they support high-scale

user participation and time-sensitive interactions. The experiments were conducted using the Sentiment140
dataset, which is publicly available on Kaggle: https://www.kaggle.com/datasets/kazanova/
sentiment140 [29]. The original dataset consists of 1,048,576 labeled instances belonging to two sentiment
classes: positive and negative. A subset of 149,900 comments was selected from the Kaggle dataset for this ex-
periment. Among these, 74,950 comments were labeled as negative (class label as 1) and 74,950 were labeled as
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Figure 1. Experimental Workflow

positive (class label as 0). The selection process was random per category. This subset was used to reduce com-
putational cost, maintain a balanced class distribution, and assess the performance of the models on a compar-
atively smaller dataset. Our experimental dataset is also available on Kaggle https://www.kaggle.com/
datasets/shafinmahmood498465/sentiment-binary-research-dataset?resource=download

Since the dataset was already labeled, no manual annotation was performed from scratch. To verify
the label quality, we first used VADER to check the consistency of the existing sentiment labels. Then, three
annotators manually reviewed the sentiment assignments to verify the existing labels, focusing on finding
ambiguous or inconsistent cases. Any disagreements were resolved through discussion until a consensus was
reached.

3.2. Data Preprocessing
After finishing the labeling process, we moved on to data preprocessing. Since the comments were

collected directly from Twitter, they were mostly unstructured and written in informal language. First, we
converted all text to lowercase to keep everything consistent. Then, we expanded short forms like ”isn’t” to
”is not” to make the meaning clearer. We removed unnecessary elements such as URLs, emails, hashtags,
mentions, and non-ASCII characters. To reduce noise, we filtered out common stop words. We then applied
part-of-speech (POS) tagging to identify the grammatical role of each word and used that information to per-
form lemmatization, converting words to their base forms based on their POS tags. Finally, we performed
POS-based filtering and additional feature engineering to enhance the data. This cleaned, balanced dataset was
then used for sentiment analysis.
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(a) NLP augmentation (b) GAN-based augmentation
Figure 2. Augmentation procedure

3.3. Data Augmentation Methods

Our main goal is to see how augmentation improves classification results. So, in this stage of the ex-
periment, we created synthetic data using two different approaches: NLP-based and GAN-based augmentation
to improve data quality.

3.3.1. NLP-based Data augmentation

Figure 2a illustrates our applied synonym-based augmentation technique for generating new text. We
generated two augmented versions of each input. Each row represents an input sample, and for augmentation,
we extracted the original text and label. This procedure generated a synonym-based augmentation of the same
sentence. If augmentation failed for very short sentences, it skipped that sentence and moved to the next
sentence. After processing all the data, it randomly shuffled the augmented and original sentences to reduce
bias. The pseudo-algorithm 1 represents the stepwise procedure of NLP-based augmentation. Let the original
labeled dataset be defined as: D = {(xi, yi)}Ni=1, where xi = {w1, w2, . . . , wT } denotes a tokenized text
sequence and yi represents its sentiment label. NLP-based augmentation generates new samples by applying
synonym substitution while preserving semantic meaning. The augmented sentence is expressed as: x′

i =
fsyn(xi), where fsyn(·) replaces selected tokens with semantically equivalent synonyms. The sentiment label
remains unchanged: y′i = yi. The augmented dataset is defined as: DNLP = {(x′

i, yi)}Ni=1 and the final
training set becomes: Dfinal = D ∪ DNLP This formulation increases lexical diversity while maintaining label
consistency, providing moderate improvements in model generalization.
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Input: D = {(xi, yi)}Ni=1 (dataset)
K (augmentations per sample)
ρ ∈ (0, 1] (replacement ratio)
Syn(·) (synonym lexicon), Tok(·)
Output: DNLP (augmented dataset)

1 for i = 1 to N do
2 [w1, . . . , wT ]← Tok(xi);
3 M ← max(1, ⌊ρT ⌋);
4 for j = 1 to K do
5 S ← ∅;
6 Select I ⊆ {1, . . . , T}, |I| = M ;
7 foreach t ∈ I do
8 if Syn(wt) ̸= ∅ then
9 w′

t ∼ Syn(wt);
10 S ← S ∪ {(t, w′

t)};
11 end
12 end
13 for t = 1 to T do
14 if (t, w′

t) ∈ S then
15 w

(j)
t ← w′

t;
16 else
17 w

(j)
t ← wt;

18 end
19 end
20 x

(j)
i ← Detok(w(j));

21 DNLP ← DNLP ∪ {(x(j)
i , yi)};

22 end
23 end

Algorithm 1: NLP-based data augmentation (synonym substitution)

3.3.2. GAN-based Data augmentation

To address data imbalance and scarcity in our dataset, we applied synthetic data generation using
SeqGAN, a technique well-suited for enhancing diversity in sentiment analysis tasks ( Figure 2b). In GAN
architecture, there are 2 components: one is the generator, which is built with an LSTM network and learns
to produce realistic sentences by capturing sequential dependencies in text. It then sequentially predicts the
next word conditioned on previous words. The other is the discriminator, which utilizes a CNN-based classifier
and evaluates whether a sentence is real or generated. Based on the discriminator’s feedback, the generator
improves over time. In order to improve the generator and predict future words, Monte Carlo roll outs are used
in conjunction with reinforcement learning. As a result, SeqGAN gradually produces more realistic and varied
text samples to enrich the dataset. Pseudo Algorithm 2 depicts the detailed procedure of this method. SeqGAN
models text generation as a sequential decision process. Given a sequence X = (x1, x2, . . . , xT ), the generator
Gθ defines the probability of generating a full sentence as:Gθ(X) =

∏T
t=1 Gθ (xt | x1:t−1) Since text genera-

tion is non-differentiable, the generator is optimized using reinforcement learning by maximizing the expected
reward: J(θ) = EX∼Gθ

[R(X)], where the reward R(X) is provided by the discriminator Dϕ. The policy
gradient update is given by: ∇θJ(θ) ≈

∑T
t=1 E

[
QDϕ

(x1:t−1, xt)∇θ logGθ (xt | x1:t−1)
]
. The discriminator

is trained to distinguish real and generated samples by minimizing the loss: LD = −EX∼D[logDϕ(X)] −
EX∼Gθ

[log(1−Dϕ(X))]. After training, the generator produces synthetic sequences Xsyn, which are merged
with the original dataset: DGAN = D ∪ {(Xsyn, ysyn)}, This adversarial formulation enables SeqGAN to gen-
erate diverse and contextually coherent synthetic text, significantly enhancing data richness and improving
sentiment classification performance.
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Input: D = {(xi, yi)}Ni=1 (real dataset)
Gθ (generator, LSTM), Dϕ (discriminator, CNN)
T (max sequence length), M (MC rollouts)
α, β (learning rates)
Eg, Ed (update epochs)
Nsyn (synthetic samples)
Output: DGAN (augmented dataset)

1 Pre-train Generator (MLE):
2 Minimize

LMLE(θ) = −
∑

(x,y)∈D

T∑
t=1

logGθ(xt|x1:t−1)

3 Pre-train Discriminator:

LD(ϕ) = −EX∼D[logDϕ(X)]− EX∼Gθ
[log(1−Dϕ(X))]

4 for e = 1 to Eg do
5 Sample sequences X ∼ Gθ;
6 Q← 0;
7 for t = 1 to T do
8 st ← x1:t;
9 for m = 1 to M do

10 X̂(m) ∼ Gθ(·|st);
11 r(m) ← Dϕ(X̂

(m));
12 end
13 QDϕ

(st, xt) =
1
M

∑M
m=1 r

(m);
14 gt = QDϕ

(st, xt)∇θ logGθ(xt|x1:t−1);
15 Q← Q+ gt;
16 end
17 θ ← θ + αQ;
18 for d = 1 to Ed do
19 Xreal ∼ D,;
20 Xfake ∼ Gθ;
21 ϕ← ϕ− β∇ϕLD(ϕ);
22 end
23 end
24 for n = 1 to Nsyn do
25 X

(n)
syn ∼ Gθ;

26 Assign y
(n)
syn ;

27 Dsyn ← Dsyn ∪ {(X(n)
syn , y

(n)
syn )};

28 end
29 DGAN = D ∪Dsyn;

Algorithm 2: GAN-based data augmentation (SeqGAN)
Following data augmentation, the size of the experimental dataset increased to 244,727 comments in

total. Figure 3 illustrates before and after augmentation word-cloud for positive word in our dataset. Similarly,
figure 4 represents the word cloud for negative sentiment texts before and after augmentation, respectively.
Furthermore, Figure 5 and Figure 6 represents the top 20 most frequent positive and negative words in the
dataset before and after data augmentation

3.4. Machine Learning, Deep Learning and GAN Models
To measure the effectiveness of the proposed data augmentation scheme based on SeqGAN, multiple

machine learning, deep learning, hybrid, and GAN-based models were implemented for sentiment classifica-
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(a) Before augmentation

(b) After augmentation
Figure 3. Word cloud for positive sentiment

(a) Before augmentation

(b) After augmentation
Figure 4. Word cloud for negative sentiment

(a) Before augmentation

(b) After augmentation
Figure 5. Top 20 frequent positive words for the
dataset

(a) Before augmentation

(b) After augmentation
Figure 6. Top 20 frequent negative words for the
dataset

tion. The models have been chosen to depict various learning paradigms and are prevailing benchmark models
for text classification. By fixing the training and testing sets as they were originally used, a fair compari-
son of the performance of the models on the original dataset, the NLP-augmented dataset, and the SeqGAN-
augmented dataset was made, which allowed for a thorough analysis of the effect of the various augmentation
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methods.

3.4.1. ML Models
Five common machine learning (ML) algorithms have been used for sentiment classification to es-

tablish a good baseline: Support Vector Machine (SVM), Random Forest (RF), Naı̈ve Bayes(NB), Decision
Tree(DT), and Logistic Regression(LR). SVM is well suited for high-dimensional text classification problems,
since it can determine an optimum decision surface between the sentiment classes [30, 31]. RF was chosen as
it is robust, has the capacity to mitigate overfitting, and demonstrates robust ensemble learning classification
accuracy. Feature vectors were generated using CountVectorizer, and the model was trained using 100 deci-
sion trees, with handling of missing values handled by removing them or filling them with blanks. TF-IDF
features were used to build a hierarchical decision rules-based model with a DT, which offers an interpretable
classification model [32]. The implementation of multinomial Naı̈ve Bayes was chosen due to its computa-
tional efficiency and its effectiveness in the case of sparse text data [33]. For the baseline linear classification,
Logistic Regression [34] was used, and TF-IDF features were learned for a linear decision boundary for binary
sentiment prediction.

3.4.2. DL Models
Various deep learning models, such as CNN, Bi-LSTM, TinyBERT, 128-dimensional, and a hybrid

CNN-BiLSTM model, were implemented to assess the efficiency of this approach. We used a 128-dimensional
embedding layer, a 1-dimensional CNN with L2 regularization, global max-pooling, a dropout layer with a
dropout rate of 0.3, and a dense layer of 64 neurons before the final sigmoid output layer in our CNN [35].
Adam optimizer and binary cross-entropy loss were used to optimize the model. In the sequential feature
learning, a Bi-LSTM architecture was used, as it is capable of modeling long-range contextual dependencies in
both directions [36, 37]. Two stacked Bi-LSTM layers with 256 and 128 hidden units were followed by dropout
layers (0.5), L2 regularization, a dense layer with 128 ReLU neurons, and an output sigmoid layer with a learn-
ing rate of 0.001. To compare the contextual language representations with less computational complexity than
conventional BERT [38], TinyBERT was added as a lightweight transformer-based model. This model was then
optimized using the Hugging Face Trainer API with a 128-dimensionalmaximum sequence length, batch size,
and learning rate set to 128, 128, and (2× 10−5), respectively. Lastly, a CNN-Bi-LSTM model was proposed,
which leverages the CNN’s potential to capture local n-gram features and the Bi-LSTM’s capacity in learning
long-range sequential dependencies [39, 40]. Architecture: 128 dimensi128-dimensionalonal embedding layer,
SpatialDropout1D (0.2), Conv1D (64, 5), Bi-LSTM and dense (ReLU) layers before binary classification.

3.4.3. GAN-Based Models:
Two GAN-based classifiers, namely, Auxiliary Classifier GAN (AC-GAN) and Feature Matching

GAN, were implemented to explore the usefulness of adversarial learning for sentiment classification, in addi-
tion to conventional ML and DL models. In AC-GAN, an auxiliary classifier is introduced to predict authentic-
ity and sentiment class for each sample [41]. The model was trained with adversarial learning with the binary
cross-entropy loss function and class prediction with the categorical cross-entropy loss function, both with a
learning rate of 0.0002. To achieve training stability and optimization, the generator used feature matching
rather than the maximum confusion in the discriminator; the Feature Matching GAN was also implemented
[42]. The discriminator was trained to predict the authenticity of the samples and their sentiment labels, and
the generator was trained to generate samples with representations that were close to those generated by the
discriminator. To this end, this strategy aimed to generate more representative synthetic samples and offers an
extra comparison to the proposed augmentation framework based on SeqGAN.

3.5. Experimental Setup
To provide an equal and fair assessment, all the experiments were performed with the same training

and testing conditions for all the models. A well-cleaned, balanced dataset was split into 80% train and 20%
test data, with a fixed random state of 42 for the split. The original dataset, the NLP-augmented dataset,
and the SeqGAN-augmented dataset were tested. The features used for traditional machine learning models
included TF-IDF or CountVectorizer features, while the features used for deep learning and transformer-based
models were tokenized text sequences. The hyperparameters were chosen by an initial trial to ensure stable
convergence, and similar parameters were used throughout all models. All the hyperparameters used for each
model are summarized in Table 1.
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Table 1. Hyperparameter settings of experimental models
Parameter SVM Logistic

Re-
gres-
sion

Random
Forest

Naı̈ve
Bayes

Decision
Tree

CNN Bi-
LSTM

TinyBERT CNN-
BiLSTM

AC-GAN Feature
Match-
ing GAN

Test size 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2
Random
state

42 42 42 42 42 42 42 42 42 42 42

Input repre-
sentation

TF-
IDF

TF-IDF Count
Vector-
izer

TF-IDF TF-IDF Embedding Embedding Tokenizer Embedding TF-IDF TF-IDF

Max fea-
tures

5000 – – 5000 – – – – – – –

Kernel Linear – – – – – – – – – –
Estimators – – 100 – – – – – – – –
Embedding
dimension

– – – – – 128 128 – 128 – –

Hidden lay-
ers / Units

– – – – – Conv1D
(128
filters)

256 →
128

– Conv1D
+ BiL-
STM
(128)

Generator
/ Discrim-
inator

Generator
/ Discrim-
inator

Kernel size – – – – – 5 – – 5 – –
Batch size – – – – – 64 128 128 64 64 64
Epochs – – – – – 50 10 3 15 30 30
Learning
rate

– – – – – 0.001 0.001 2×10−5 0.001 0.0002 0.0002

Activation – – – – – ReLU ReLU – ReLU /
Sigmoid

ReLU /
Tanh

LeakyReLU

Dropout – – – – – 0.3 0.5 – 0.2 / 0.6 – –
Loss func-
tion

– Binary – – – Binary
Cross-
Entropy

Binary
Cross-
Entropy

Cross-
Entropy

Binary
Cross-
Entropy

Binary
Cross-
Entropy
+ Cate-
gorical
Cross-
Entropy

Feature
Matching
+ Binary
Cross-
Entropy

Optimizer – – – – – Adam Adam AdamW Adam Adam Adam

4. RESULT AND DISCUSSION
The model efficacy was evaluated using standard metrics that included Accuracy, Precision, Recall,

F1-score, Mean Absolute Error (MAE), Mean Squared Error (MSE), and Matthews Correlation Coefficient
(MCC). Each of these metrics was applied consistently to all models and experimental settings to allow di-
rect performance comparison. In the paper [43], the formula for Accuracy, Precision, F1-score, and Recall,
including both true positive and true negative values (Table 2). Let α, β, γ, and δ represent True Positive, False
Positive, False Negative, and True Negative, respectively.

Table 2. Evaluation metrics
Metric Formula Metric Formula

Precision (P)
α

α+ β
MAE

1

N

N∑
i=1

|yi − ŷi|

Recall (R)
α

α+ γ
MSE

1

N

N∑
i=1

(yi − ŷi)
2

F1 Score
2 · (P · R)

P + R
MCC

(α · δ)− (β · γ)√
(α+ β)(α+ γ)(δ + β)(δ + γ)

Accuracy
α+ δ

α+ β + γ + δ

4.1. Experiment Result Analysis
Table 3 presents the classification accuracy of the evaluated models on the original dataset as well as

on the datasets augmented using NLP and GAN-based techniques. It can be observed that SeqGAN enhance-
ment across the board improved classification performance over both the standard dataset and NLP-based
enhancement. Classic classifiers (SVM, Naı̈ve Bayes, Decision Tree) experienced moderate gains, with about
a 2 percent increase, whereas DL classifiers showed notable increments: CNN improved from 0.72 to 0.84, and
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Table 3. Performance comparison (accuracy) of the evaluated models under different data augmentation strate-
gies

Algorithm Normal Dataset NLP Augment GAN Augment
Logistic Regression 0.78 0.80 0.80
RF 0.85 0.87 0.86
SVM 0.77 0.78 0.80
Naı̈ve Bayes 0.72 0.73 0.79
Decision Tree 0.82 0.85 0.83
CNN 0.72 0.73 0.84
LSTM 0.78 0.82 0.82
CNN + BiLSTM 0.78 0.80 0.82
AC-GAN 0.73 0.73 0.77
Feature Matching GAN 0.75 0.75 0.79
TinyBERT 0.77 0.79 0.80

LSTM from 0.78 to 0.82. RF obtained the very best performance overall (0.86) with SeqGAN. This validates
that adversarial enhancement allows for enhanced generalizability, especially for deep and hybrid architectures.

Overall, balanced improvement across evaluation scores is presented in Table 4. SeqGAN sampling
significantly improved recall and F1-scores for sequential schemes: recall for CNN+BiLSTM increased from
0.61 to 0.84, and for LSTM, from 0.76 to 0.85. While NLP-based enhancement at times led to high precision
(e.g., CNN 0.86, RF 0.88), SeqGAN consistently outperformed in recall and F1 performance, which showed
enhanced class sensitivity and robustness towards data imbalance.

Table 4. Comparison of precision, recall, and F1-score for all evaluated models under different data augmenta-
tion strategies

Algorithm Precision Recall F1-score
Normal GAN NLP Normal GAN NLP Normal GAN NLP

Logistic Regression 0.79 0.76 0.82 0.76 0.75 0.77 0.77 0.76 0.79
RF 0.88 0.89 0.88 0.80 0.81 0.84 0.84 0.85 0.86
SVM 0.79 0.81 0.79 0.74 0.70 0.75 0.76 0.78 0.77
Naı̈ve Bayes 0.71 0.80 0.71 0.77 0.76 0.75 0.74 0.78 0.73
Decision Tree 0.86 0.88 0.88 0.76 0.77 0.81 0.81 0.82 0.85
CNN 0.71 0.84 0.86 0.70 0.81 0.82 0.71 0.83 0.84
LSTM 0.78 0.79 0.80 0.76 0.85 0.84 0.77 0.83 0.82
CNN + BiLSTM 0.76 0.81 0.82 0.61 0.84 0.78 0.68 0.82 0.80
AC-GAN 0.74 0.79 0.75 0.69 0.73 0.70 0.72 0.76 0.73
Feature Matching GAN 0.76 0.81 0.77 0.72 0.75 0.72 0.74 0.78 0.74
TinyBERT 0.77 0.79 0.78 0.77 0.82 0.81 0.77 0.80 0.79

Table 5. Comparison of MAE, MSE, and MCC for experimental models using Normal, GAN-augmented, and
NLP-augmented datasets.

Algorithm MAE MSE MCC
Normal GAN NLP Normal GAN NLP Normal GAN NLP

Logistic Regression 0.21 0.24 0.19 0.21 0.24 0.19 0.56 0.59 0.60
RF 0.15 0.14 0.13 0.15 0.14 0.13 0.70 0.71 0.73
SVM 0.22 0.20 0.21 0.22 0.20 0.21 0.55 0.59 0.56
Naı̈ve Bayes 0.27 0.20 0.27 0.27 0.20 0.20 0.44 0.58 0.45
Decision Tree 0.17 0.16 0.14 0.17 0.16 0.14 0.65 0.67 0.71
CNN 0.28 0.16 0.15 0.28 0.16 0.15 0.42 0.67 0.69
LSTM 0.22 0.17 0.18 0.22 0.17 0.18 0.55 0.64 0.63
CNN + BiLSTM 0.28 0.18 0.19 0.28 0.18 0.19 0.43 0.64 0.61
AC-GAN 0.26 0.22 0.26 0.26 0.22 0.26 0.46 0.54 0.47
Feature Matching GAN 0.24 0.20 0.24 0.24 0.20 0.24 0.50 0.58 0.51
TinyBERT 0.22 0.19 0.20 0.22 0.19 0.20 0.54 0.60 0.59

Table 5 compares the error metrics (MAE and MSE) and the Matthews correlation coefficient (MCC)
of different models to assess the influence of data augmentation on classification performance. It revealed that
SeqGAN augmentation diminished MAE and MSE for the majority of the models, yet increased Matthews
Correlation Coefficient (MCC). The DL models benefited the most: CNN+BiLSTM MAE diminished from
0.28 to 0.18 and MCC from 0.43 to 0.64; MCC for LSTM increased from 0.55 to 0.64. RF using SeqGAN
provided the strongest overall performance (MAE = 0.14, MCC = 0.71), which validates its reliability as the top
performing classifier. Overall, data aided by SeqGAN always enhanced sentiment classification performance,
recall, and F1-scores for deep/hybrid-based methods, whereas error rates were reduced, with the strongest
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performer being RF.

(a) t-SNE plot of real and GAN-augmented distributions
into feature space

(b) Confidence distribution of the discriminator for real
and SeqGAN samples

Figure 7. Visualization of GAN-based data augmentation and discriminator behavior

A closer examination of the evaluation metrics (shown in Tables 3, Table 4, and Table 5) reveals
that in most of the machine learning and deep learning models, data augmentation always boosted the model
accuracy, and SeqGAN achieved better performance than the conventional NLP-based augmentation. CNN
exhibited the highest gain in accuracy (from 0.72 to 0.84) since the variety and contextually realistic examples
produced by SeqGAN helped this model to learn richer local semantics patterns, and also prevented overfit-
ting. The combination of synthetic sequences also resulted in significant improvements in recall and F1-score
for LSTM and CNN+BiLSTM, highlighting how the extra sequences enhance their ability to understand long-
term context and correctly identify minority sentiment patterns. In contrast, TinyBERT showed only marginal
gains, as the pretrained contextual representations already yield good language understanding and require less
additional data augmentation. Random Forest showed the best overall result, indicating that by mixing bal-
anced synthetic samples with ensemble learning, it can generate more effective decision boundaries and better
generalise. Moreover, for the majority of the models, the MAE and MSE were decreased, and the MCC was
increased after applying the SeqGAN augmentation, which shows that the number of prediction errors are
lesser and the agreement between the predicted and actual classes of sentiment is stronger. In general, these
findings indicate that SeqGAN is able to produce more semantically coherent and diverse training samples
than conventional NLP augmentation, which results in better feature learning, class balance, and classification
performance regardless of the model architectures. In general, the results of the experiments show that the use
of data augmentation had a positive effect on sentiment classification for almost all the models assessed. Both
NLP-based and SeqGAN-based augmentations enhanced results over the original dataset; however, the perfor-
mance of SeqGAN was found to be superior with respect to generalization, prediction error, and classification
scores in the majority of the scenarios. The results show that creating a diverse and contextually rich synthetic
data set is a good approach to boost the sentiment classification performance, especially for deep learning and
hybrid models trained with small or imbalanced data sets.

To further validate the effectiveness of SeqGAN-based augmentation, the quality of the generated
samples is analyzed in terms of their similarity to the real data distribution and the diversity of the synthesized
samples. Figure 7 (a) illustrates the extent to which the SeqGAN projection has a strong overlap with the man-
ifold representing the real data. Contrary to the SeqGAN projection, the WGAN-GP and LSGAN projections
have isolated points forming distinct clusters, thus indicating a large gap between the two distributions. The
equally distributed samples in the SeqGAN projection indicate diversity while avoiding mode collapse, thus
explaining the improvement in the performance of the sentiment analysis task achieved by the SeqGAN. Figure
7 (b) demonstrates strong overlap between the real data samples and the SeqGAN-generated samples for the
mid-to-high probability range, signifying strong realism and similarity. While having a minor tail for the low-
confidence samples, the lack of bimodal separation ensures strong adversarial convergence. This trend ensures
the increments in the recall rate, F1-Score, and MCC values, thus signifying that the SeqGAN-generated data
improves the robustness of the model instead of adding noise data.
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5. CONCLUSION
This study shows that using SeqGAN for data augmentation greatly improves sentiment analysis com-

pared to both the original data and traditional NLP methods. The models learned better and performed more
accurately because SeqGAN created more diverse and realistic examples, while the NLP techniques only gave
a small boost. On average, SeqGAN improved performance by about 4–5% across different models. The RF
classifier achieved a benchmarking result compared to other Models, reaching 86% accuracy. The expanded
dataset also greatly benefited the DL and hybrid models. Although the results are encouraging, this study has
some limitations. It focused only on two sentiment classes and used English-language data. In the future, this
approach can be expanded to generalize SeqGAN towards multi-class sentiment and cross-lingual sentiment
analysis, incorporate hybrid strategies for augmentation, and consider lightweight transformer-based generators
for large-scale deployability. To make the models even more robust. Overall, the results show that SeqGAN-
based augmentation is a powerful and effective way to improve sentiment classification performance and help
models deal better with limited or imbalanced data.

The proposed framework for augmenting with SeqGAN proved to be very effective in improving the
performance of sentiment classification, but there are several avenues for further studies. The proposed frame-
work can be extended to multi-class sentiment analysis by adding neutral and fine-grained emotion classes in
the future. Secondly, the experiments were run with English-language social media information. Evaluating
the proposed approach on multilingual and cross-lingual datasets would help to gain more understanding of
the generalization capability of the proposed approach across different languages and domains. Furthermore,
future work could combine large pre-trained language models like BERT, RoBERTa, or even the more re-
cent large language models (LLMs) with SeqGAN to create more contextually rich and semantically accurate
synthetic text. To further enhance the classification robustness and overall predictive accuracy, the proposed
augmentation framework can be applied to other domain-specific datasets, including healthcare, finance, and
product reviews, and more complex model architectures of GANs and diffusion-based text generation models
can be explored.
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