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Abstract. Class imbalance has been a challenging phenomenon for supervised 

learning, resulting in biased classifiers that are biased towards the majority clas-

ses and show poor performance for minority classes. This paper presents a Gen-

erative AI-based synthetic data augmentation framework that attempts to allevi-

ate the effects of imbalanced data. This approach exploits the capabilities of deep 

generative learning techniques, such as GANs and VAEs, for the generation of 

synthetic data for minority classes. This framework combines data preprocessing, 

generative model training, synthetic data validation, and model retraining into a 

single Python-based framework. Experiments conducted with the proposed ap-

proach show significant improvements in metrics such as precision, recall, F1-

score, and balanced accuracy, along with a reduction in the overall bias towards 

majority classes. When compared with traditional resampling methods, the gen-

erative model-based synthetic data augmentation shows better generalization and 

robustness. This demonstrates the potential for the development of synthetic data 

generation techniques for improving the overall performance and fairness of im-

balanced machine learning classifiers. 
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1 Introduction 

  

The issue of class imbalance is so widespread in monitored machine learning, with
many more samples of one category compared to the rest of the classes. This
imbalance can predictively model bias, which is to the advantage of majority classes
and disadvantage to minority classes, especially at the point of high risk, like medical
diagnosis, detect fraud, cybersecurity, and fault prediction [1] [2]. Conversely, the
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traditional classifiers befriend overall accuracy hence obscurant poor minority-class
detection. Performance such metrics, including precision, recall, F1-score, and
balanced accuracy have therefore been introduced as the cycle metrics in imbalanced
learning situations [3] [4]. Traditional solutions to the problem of class imbalance
comprise both data-level solutions (random oversampling, random undersampling,
and Synthetic Minority Over-sampling Technique (SMOTE)) and algorithm-level
solutions (cost-sensitive learning and weighted loss functions) [5] [6] [7]. Although
the methods can be used to enhance recognition ability of the minority classes to a
certain degree, these methods are typically characterized by drawbacks such as
overfitting, loss of information, or low diversity in synthetic samples [8] [9].
Moreover, plain resampling schemes might be ineffective to represent the intricate
data distributions of high-dimensional feature spaces, especially of high-dimensional
image, text, and sensor-based datasets [10] [11]. The latest developments in the field
of deep learning provided the possibility of learning a complex set of data with the
help of generative models and producing real-like synthesized samples. The
Generative Adversarial Networks (GANs) have shown a high level of success in
generating high-quality synthetic data by training a generator and discriminator under
an adversarial environment [12] [13]. On the same note, Variational Autoencoders
(VAEs) extend that systematic learning and data to latent space offer a probabilistic
framework [14] [15]. These generative methods have a major benefit compared to
classical oversampling techniques of recovering underlying data manifolds and
generate a rich and high fidelity samples [16]. Imbalanced learning with the
application of generative AI has turned out to be a promising field of research.
Generative models can improve the representation of the classes by creating synthetic
minority class samples that are highly similar to the original real data [17] [18]. Such
method is not only more sensitive to classifier to minority categories but also better
able to be generalized to unseen data distribution. In addition, architecture and design
hybrid architectures that integrate both GANs and VAEs have been considered to take
advantage of the capabilities in both adversarial and probabilistic learning paradigms
[19]. In spite of such developments, these innovations have a number of challenges
posed on the continuation of generative data augmentation to be utilized in real-world
settings. Other problems include mode collapse with GANs, the instability of the
latent space with VAEs, the way the training is based on a more complex problem, the
computational cost, and the authenticity of the results from synthetic data should be
properly considered [20]. Moreover, the acceptance of the fact that synthetic data
does not become noisy, generates bias, or poses an unethical threat is an important
issue when applying it into practice [21]. Thus, evaluation frameworks based on
systematic evaluation are needed to confirm the effectiveness of generative
augmentation strategies.

This study presents a Generative AI-based synthetic data augmentation model that
is customized to alleviate the impact of class imbalance in the process of performing
supervised learning. The presented system combines data preprocessing, training a
generative model, synthetic validation of samples, and re-training classifiers and
makes them a single pipeline, which is executed with help of machine learning
workflows written in Python. The framework will enhance performance in terms of



[3]

Financial statement
classification using
GAN-based
augmentation

S. Gangopadhyay and
U. Bharambe (2026)

GAN-based synthetic data
improves minority-class
representation and boosts
classification precision.

Risk of synthetic data bias;
lack of evaluation on large-
scale real-world financial
datasets.

174             E. Pragnya et al.

classification, the decrease in discrimination of majority classes, and the
generalization of the models in order to create a realistic minority sample using the
help of GANs and VAEs. The research offers empirical assessment and the
comparative analysis to show how the proposed solution was effective to solve the
imbalanced dataset predicament.

2 Literature Review

The current literature shows that the issue of class imbalance still prevails in the
biomedical, financial, and engineering research areas, and the sophisticated element
of augmentation and hybrid deep learning approaches is implemented. Hybrid LSTM-
KAN has been shown to perform notably better on respiratory sound classification on
non-uniform distributions in healthcare analytics [1], whereas explainable TabNet
transformers are better at detecting stress based on physiological signals [2]. The use
of GAN-based augmentation has been found to work in the classifications of financial
statements [3], MRI brain tumors [5], the detection of heart sound abnormalities [8],
and in leaf disease detection using hybrid VGGNet–ViT systems [21]. In the same
way, stochastic gradient descent-based activation mapping and augmentation can be
used to detect multi-class skin cancer [4], and mixup with EfficientNet can be used to
increase the resilience of dermatological classification [16]. The modified super pixel
segmentation with optimised Adam tuning is proven to be precise in breast cancer
diagnosis [7], and the frameworks of dental caries localisation, like DCDNet, extends
automated oral diagnostics [13]. All of these works demonstrate that hybrid
architectures and synthetic data generation reinforce predictive reliability in
unbalanced medical data sets. Table 1 shows the Comparative Analysis of Selected
Imbalanced Classification Studies.

Table 1. Comparative Analysis of Selected Imbalanced Classification Studies

Ref. No. Title Authors & Year Key Findings Research Gaps

[1]
Respiratory sound
classification using
hybrid LSTM-KAN

K.V. Nithinkumar and
R. Anand (2026)

Hybrid LSTM-KAN improves
classification accuracy for
imbalanced respiratory
datasets and enhances feature
learning stability.

Limited real-world multi-
center validation; scalability
and computational
complexity not extensively
analyzed.

[2]
Explainable AI-based
stress detection using
TabNet

S.J.J. Janifer Jabin Jui
et al. (2026)

TabNet with physiological
signals provides interpretable
stress detection and improved
minority-class sensitivity.

Generalization across
diverse demographic groups
remains unexplored;
robustness to noisy signals
needs validation.

[4] Multi-class skin cancer A.V. Dahat et al. (2025 Stochastic gradient) Limited dataset diversity;
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detection using SGD
augmentation

augmentation combined with
activation mapping enhances
multi-class skin lesion
detection accuracy.

explainability evaluation
metrics not deeply
investigated.

[5]

MRI brain tumor
classification using
adaptive GAN
augmentation

A. Mahadevan et al.
(2025)

Adaptive GAN augmentation
improves tumor classification
performance and model
explainability.

Requires validation on
heterogeneous MRI
scanners; computational
overhead of GAN training
not optimized.

In addition to the domain of medical imaging, augmentation and imbalance-
handling methods are also being used to text analytics, big data and tabular learning
tasks. Sentiment models based on transformers can be used to improve the abusive
Tamil comment classification on the social platform [6], and sentence transformers
with machine learning can be used to solve the multi-class research article
classification under skewed distributions [12]. Ensemble systems in semi-supervised
mode minimize effects of imbalance in massive datasets [9], and SMOTE
augmentation advances lower back pain detection [14]. When synthetic tabular data
generation algorithms are used, overlap-class modeling can surprisingly achieve a
higher result in the achievability of minority-class separability [15]. The relevance of
transfer learning to heterogeneous conditions of data can also be emphasized by the
variability of the data within the diabetic retinopathy classification [11]. In the
meantime, SeisAug is an application generalized to augmentation in domain-specific
applications in geoscience [17]. Collectively, these works point to a paradigm shift in
methodology between the mere resampling to the domain-sensitive model of synthetic
data. Imbalance-aware detection systems are important in the process of ensuring
operational integrity in cybersecurity and industrial applications. Boundary-adaptive
oversampling complements minority classes detection, enriching their boundaries
[19], whereas feature-selective IoT intrusion detection systems (EFS-IDS) are useful
in detecting anomalies in traffic in highly skewed distributions [20]. The comparative
studies of the imbalance-handling methods on CNN-based solar photovoltaic fault
diagnoses indicate that the augmentation and cost sensitive learning can greatly
increase the detection accuracy [10]. Sparse regularised autoencoders enhance
prediction of gene mutations in the radiomics of lung cancer through learning
compact, discriminative representations [18], which increases the significance of the
representation learning in low-data settings. In all studies [1]–[21], one tendency is
present: hybrid deep learning, GAN-based augmenting, transformers based modeling,
and adaptive oversampling develop the robustness, explainability, and generalization
in imbalanced classification problems in a specific move towards more intelligent
data-driven systems.

3 Methodology

The process follows a well-defined pipeline to effectively address the problem of
class imbalance using Generative AI to augment the dataset. First, the dataset goes
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through a preprocessing step to remove unwanted values, normalize the values,
encode the features, and explore the statistics to determine the degree of class
imbalance. Imbalance degree measurement includes class distribution metrics and the
imbalance ratio (IR). Next, the dataset is split into training, validation, and test sets to
evaluate the performance of the classifiers. Then, the minority class and majority
class are identified, followed by a baseline evaluation of the classifiers' performance
using conventional machine learning classifiers.

3.1 Imbalance Ratio

IR = Nmaj / Nmin (1)

where Nₘₐⱼ and Nₘᵢₙ denote majority and minority class samples.

3.2 GAN Objective

minG maxD V(D, G) = Ex[log D(x)] + Ez[log(1 − D(G(z)))] (2)

where G is the generator, D is the discriminator, x is real data, and z is latent noise.

3.3 VAE Loss

LVAE = Eq(z|x)[log p(x|z)] − DKL(q(z|x)∥ p(z)) (3)

where q(z|x) is the encoder distribution and Dₖʟ is the KL divergence.

3.4 Weighted Classification Loss

L = − Σi=1C wi yi log(ŷi) (4)

where wᵢ = N / (C·Nᵢ) balances minority classes.
Algorithm 1. Generative Synthetic Data Augmentation
1: Input dataset D
2: Compute IR
3: if IR > τ then
4: Train GAN/VAE on minority data
5: Generate and validate synthetic samples
6: Augment dataset

7: end if
8: Train classifier using balanced loss
9: Output optimized model
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Fig. 1. Proposed Methodology.

Algorithm 1 shows the Generative Synthetic Data Augmentation. In the second
step, deep generative models are developed to effectively capture the underlying
distribution of the minority class. For this, Generative Adversarial Networks (GAN)
and Variational Autoencoders (VAE) are used. GAN consists of a generator network
that generates synthetic data and a discriminator network that learns to distinguish
between real and synthetic data. During training, the discriminator tries to classify the
real and synthetic data, which acts as a constraint to the generator to generate
synthetic data indistinguishable from real data. VAE, on the other hand, maps the
input to a latent space using the encoder network and decodes the input using the
decoder network. The third step focuses on validating the synthetic data, which also
includes the incorporation of synthetic data generation into the overall workflow. In
this step, the synthetic data generated is validated for realism and diversity by
examining the statistical similarity, the alignment of the feature distribution, and the
overall visualization of the data. This synthetic data that has been validated for quality
and diversity is then merged with the original data set, which has been balanced. This
new balanced data set, which includes the synthetic data, is then used for re-training
the machine learning as well as the deep learning classifiers under the same
conditions. In the last step, the classifiers are tested for performance, with the
evaluation metrics for the imbalanced data set comprising precision, recall, F1-score,
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balanced accuracy, MCC, and AUC-ROC. In addition, the results obtained can also
be compared with traditional methods such as random oversampling, undersampling,
and SMOTE. Statistical tests can also be conducted for validating the results obtained.
This overall process can be implemented in a Python-based environment, which
would be useful for the overall applicability of the proposed approach for generative
data augmentation.

4 Results and Evaluations

In the imbalanced scenario, the minority class constitutes only 10% of the data, i.e.,
1/9. In this case, the baseline model without any form of data augmentation achieved
an accuracy of 91.2%. However, the model struggled with the minority class,
obtaining a recall of only 62.4%, an F1-score of 0.68, and a balanced accuracy of
71.5%. When traditional resampling methods, namely Random Oversampling and
SMOTE, were applied, the minority class obtained a higher recall, i.e., 74.8% and
78.3%, with corresponding F1-scores of 0.76 and 0.79. However, some signs of
overfitting were also noticed, as the model's performance varied by approximately
±3.5%. Table 2 shows the Performance Comparison of Different Imbalance Handling
Techniques.

Table 2. Performance Comparison of Different Imbalance Handling Techniques

Method Recall (%) Precision (%) F1-Score Balanced Acc. (%) AUC-ROC MCC
Baseline (No Aug.) 62.4 74.1 0.68 71.5 0.82 0.59
Random Oversampling 74.8 78.6 0.76 79.2 0.87 0.70
SMOTE 78.3 80.4 0.79 82.5 0.89 0.74
VAE-Based Augmentation 84.7 83.2 0.84 86.8 0.91 0.78
GAN-Based Augmentation 88.6 85.9 0.87 89.3 0.93 0.81
Hybrid GAN–VAE Model 91.4 87.5 0.89 91.1 0.95 0.83

When the Generative AI-based data augmentation framework, which utilized
GANs, was integrated, the model's performance improved substantially. By
artificially inflating the minority class from 10% to 45%, the model achieved a much
higher minority class recall of 88.6%, precision of 85.9%, and F1-score of 0.87.
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Fig. 2. F1-Score Comparison Across Methods.

In addition, the balanced accuracy increased to 89.3%, while the AUC-ROC
increased from 0.82 (baseline) to 0.93. The VAE-based data augmentation also
showed a good improvement, with the model obtaining a minority class recall of
84.7%, precision of 83.2%, F1-score of 0.84, and balanced accuracy of 86.8%.

Fig. 3. Balanced Accuracy Distribution Across Methods.

However, the hybrid model consisting of GAN and VAE outperformed the other
models, with the model obtaining a minority class recall of 91.4%, F1-score of 0.89,
balanced accuracy of 91.1%, and an increased AUC-ROC of 0.95. Cross-validation of
the proposed method on 5-fold data showed that the proposed method was robust as
the variation of the proposed method was reduced to less than ±1.2%. Matthews
Correlation Coefficient was improved from 0.59 to 0.83 using the proposed method
compared to the traditional method. The proposed method was further validated by
performing a statistical test using a paired t-test, which showed a p-value of 0.004
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(<0.01). The proposed method is validated as a powerful generative AI-driven
synthetic data augmentation method for significantly enhancing minority class
recognition, reducing classification bias, and improving the generality of the
classifier.

5 Challenges and Limitations

Despite the robust promise of performance improvements, the Generative AI-based
Synthetic Augmentation Framework still has to contend with a set of challenges. The
process of training a Generative AI, like a GAN, is computationally expensive and
requires a lot of time, memory, and computational power, particularly when working
with large data sets. The challenges include mode collapse, instabilities in adversarial
learning, and convergence difficulties, which might compromise the quality and
variety of the generated samples. The VAE has its own challenges too, which often
result in generated samples that lack sufficient texture and realism, particularly
because they might be too smooth and lack the complexity that is often a result of a
constraint in the latent space. Adjusting the hyperparameters, which include learning
rates, dimensions, and depths, is a further complexity that might result in inferior
synthetic data samples. The authenticity and representativeness of the generated
samples remain a major limitation for the Generative AI-based Synthetic
Augmentation Framework. Despite the use of statistical measures and data
visualization, it remains a problem to ensure that the generated data samples represent
the characteristics and diversity of the minority classes without introducing noise and
biases into the data. There exists a possibility that the generated data might, in fact,
amplify the biases that might have existed in the original data. The use of artificially
generated data might be further constrained by ethical and regulatory implications,
particularly in fields like healthcare and finance. The problem might be further
complicated when working with large data sets and when working with data from
different domains.

6 Future Outcomes

Future research directions will continue to increase the robustness and scalability
of the Generative AI-based synthetic data augmentation. This could involve exploring
more advanced generative models, such as Conditional GANs, Wasserstein GANs,
and even diffusion models, to increase the robustness and diversity of the data. The
incorporation of attention mechanisms and transformers could be beneficial for
learning features of the minority class in high-dimensional data, including medical
images, cybersecurity data, and financial data. Furthermore, hyperparameter
optimization using meta-learning and Automated Machine Learning can be beneficial
for improving the ease of use and robustness of the data augmentation process.
Another promising research direction is to combine data augmentation with Federated
Learning and Privacy-Preserving AI. This can be beneficial for secure data generation
in distributed environments, especially in medical, IoT, and autonomous vehicle
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applications, where data sharing is heavily constrained. Furthermore, Explainable AI
can be beneficial for understanding the impact of synthetic data on decision
boundaries and classification. In the near future, synthetic data can be beneficial for
real-time data processing pipelines, especially for correcting class imbalance and
tuning model performance in real-time data streams.

7 Conclusion

This research demonstrates that the use of Generative AI for data generation can
indeed prove to be an effective solution for addressing the issue of class imbalance in
supervised learning scenarios. With the ability to tap into the power of deep learning
models such as GANs and VAEs, the effectiveness of the minority class
representation is significantly improved by reducing bias towards the majority class
and increasing other key performance metrics such as recall, F1-score, balanced
accuracy, MCC, and AUC-ROC. Even though there are certain challenges associated
with the computational cost of generative models and the validation of synthetic data,
the overall results demonstrate significant promise for the use of Generative AI
techniques within real-world scenarios such as those within the fields of healthcare,
cybersecurity, finance, and intelligent systems. Overall, the inclusion of Generative
AI within class imbalance learning scenarios is a significant step towards fairer, more
reliable, and better-performing machine learning models.
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