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Abstract 

Although the rapid development of deep learning methods has greatly enhanced healthcare 

diagnosis systems, large, diverse and high-quality medical datasets are often limited. However, 

there are still some considerable difficulties in creating reliable diagnostic models: data 

scarcity, class imbalance, and privacy concerns. To improve deep learning (DL) healthcare 

diagnosis, this study introduces a Generative Adversarial Network (GAN) based data 

augmentation approach. The proposed approach is based on using GANs to generate realistic 

synthetic medical data that can be used to augment existing datasets without compromising the 

clinical characteristics. This can help to enhance the correctness, resilience, and capability to 

generalize of deep learning models by expanding the diversity of datasets and balancing 

underrepresented classes. The augmented data is combined with traditional training data and 

assessed on standard metrics of diagnostic performance including accuracy, precision, recall 

and F1-score. The experimental results show that the GAN-generated samples can be used to 

effectively enhance the performance of the developed models, especially in the case of low 

medical data. The overall proposed framework offers a potential solution for creating more 

dependable and scalable AI-powered healthcare diagnosis systems, which would help address 

the issues of data scarcity and patient privacy. 
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INTRODUCTION 

In the case of healthcare data, while there are many general machine learning applications, the 

data is often hard to obtain because of privacy laws, ethical issues, expensive annotation, or 

scarcity of expert clinicians to label data. Class imbalance is often observed in medical data, with 

some categories of diseases having much fewer samples than normal cases. This imbalance can 

lead to poor predictive performance for the minority classes in the model and to the difficulty of 

models to identify rare, but clinically important conditions (Krawczyk, 2016). Additionally, the 

differences in imaging equipment, patient characteristics, the development of the disease and 

clinical environments create further difficulties in the development of generalized diagnostic 

models. Data augmentation is a key solution that helps overcome the data constraints by 

introducing variety in the training samples.  

The robustness of the model can be enhanced by generating modified versions of samples using 

the traditional augmentation methods such as: rotation, scaling, flipping, cropping and intensity 

modification. But these methods have limitations as they can only be applied to some 

prespecified transformations and cannot produce completely new data distributions that may 

contain complex patterns found in real medical data sets (Shorten & Khoshgoftaar, 2019). 

Hence, advanced generative methods have been investigated to generate realistic synthetic 

medical data to boost the performance of deep learning. Since the introduction of Generative 

Adversarial Networks (GANs) by Goodfellow et al. (2014), one of the most promising deep 

generative models for synthetic data generation is GANs. GAN is composed of two neural 

networks in opposition: a generating network that generates synthetic samples and a 

discriminating network that determines whether the samples are real or fake.  

The generator is trained using an adversarial process and its capacity to generate data that is 

similar to the original distribution gradually improves. Such ability has led to the adoption of 

GANs in the healthcare industry for medical image synthesis, disease data augmentation, and 

privacy-preserving data sharing, among others (Yi et al., 2019). For medical datasets with 

limited amount of data, GAN-based augmentation has demonstrated great potential to enrich 

diagnostic models. For instance, in medical applications including brain tumor segmentation, 

skin lesion classification and chest disease detection, the number of available training images 

have been expanded with the help of GAN images. In addition to giving more variability, these 

synthetic samples can enable deep learning models to learn more robust feature representations 

(Frid-Adar et al., 2018). Furthermore, GANs can generate samples for minority classes, which 

can alleviate the class imbalance problem and enhance the classification performance. These 

benefits also come with a number of challenges when it comes to using GANs in healthcare.  

Careful design of models and sufficient validation are needed to ensure that generated samples 

retain clinically meaningful characteristics, to create high quality synthetic medical data. 

Unrealistic artifacts or missing representation of important disease patterns can be generated by 

poorly trained GAN models. Furthermore, the assessment of the quality and clinical validity of 
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synthetic medical images is still complicated, due to the fact that conventional image quality 

metrics might not be fully indicative of the value for medical diagnosis (Tschandl et al., 2019). 

Hence, the use of GAN-based augmentation in conjunction with suitable validation approaches is 

critical for creating reliable healthcare AI systems. The aim of this research is to create a data 

augmentation method using GANs for healthcare diagnosis using deep learning. To address the 

limitations imposed by a lack of medical data, the proposed method seeks to generate realistic 

synthetic data to augment the diversity of the dataset and enhance the generalization of the 

model. 

LITERATURE REVIEW 

Thanks to its capability of processing complex biomedical data and automatically extracting 

meaningful features, the use of deep learning (DL) in healthcare has rapidly extended. The 

difference between traditional machine learning methods and deep learning models is that, in 

traditional machine learning approaches, the features have to be extracted by hand, while deep 

learning models can learn hierarchical representations directly from raw data. This feature has 

enabled deep learning to be highly successful for medical image analysis, medical image 

classification, and medical prediction tasks. Convolutional Neural Networks (CNNs) are one of 

the most successful and popular deep learning architectures that have been used to analyze 

medical images including X-rays, magnetic resonance imaging (MRI), computed tomography 

(CT) and histopathological images (Litjens et al., 2017). In the field of healthcare, Esteva et al. 

(2017) proposed a skin cancer classification system that was able to perform at the dermatologist 

level with deep neural networks. 

Further, healthcare data is typically imbalanced across disease classes, which leads to poor 

performance of models with minority classes (Krawczyk, 2016). Such challenges have spurred 

the interest in studying advanced data augmentation methods to enhance models' robustness. 

Data Augmentation Techniques for medical applications. Limited training data is a major 

challenge in deep learning applications, and data augmentation is an effective way of addressing 

this issue. It is a technique used to create more training samples from the available data to 

diversify the data set and to prevent overfitting. The conventional augmentation techniques 

involve rotating, cropping, scaling, flipping, brightness adjustment, noise injection (Shorten & 

Khoshgoftaar, 2019) and other image-level augmentations. In the field of healthcare, traditional 

augmentation techniques have been effectively used to enhance the performance of diagnostic 

models. For instance, Perez and Wang (2017) showed that deep learning models in medical 

imaging tasks could be improved with image augmentation techniques to increase generalisation. 

But, traditional methods are limited in that they produce a modified version of the existing 

samples and do not produce new, realistic samples. The changes that can be made in these 

transformations may not capture the full variety of changes that can occur in real clinical data. 

Due to the limitations of conventional augmentation, researchers have started to look at 

generative models that can generate new synthetic samples.  
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Generative Adversarial Networks (GANs) have been one of the most popular methods, given 

that they are capable of learning the distribution of medical data and creating realistic synthetic 

samples. Generative Adversarial Networks (GANs) The Generative Adversarial Networks 

(GANs) were proposed by Goodfellow et al. (2014) as a way to learn data distributions with 

adversarial training. The GAN is composed of two networks: Generative Net and Discriminative 

Net. The generator tries to produce a synthetic data sample that looks like real data, and the 

discriminator determines if a sample is real or synthetic. This competition between the two 

networks is repeated, and this process allows the generator to get better at generating realistic 

images. Due to the drawbacks of training instability, image quality, and controllability, the 

original GAN has been expanded into multiple versions. The Deep Convolutional GANs 

(DCGANs) added convolutional layers to GANs and achieved better quality images (Radford et 

al., 2016). Conditional GANs (cGANs) subsequently further improved the ability of GANs by 

enabling the generation of samples from specific class labels or conditions, which is relevant for 

medical applications where control of generation of samples of a specific disease is needed 

(Mirza & Osindero, 2014). 

In addition to medical image generation, GAN-based methods have been used in multiple 

medical image diagnosis. In cancer diagnosis, GANs have been applied to produce extra samples 

of rare type of cancers, to boost the classifier performance if sufficient samples are not available. 

Generating synthetic data can be especially useful in the context of rare diseases, where it can be 

challenging to gather enough patient data. The use of GAN-generated skin lesion images has 

enhanced the diversity of training datasets for improving classification models in dermatology. 

Tschandl et al. (2019) proposed HAM10000 dataset which highlighted the significance of huge 

and diverse datasets for automated skin lesion analysis. But, with the scarcity of medical image 

labels, it is crucial to augment medical images for better training, and GAN does just that. GANs 

have also been used in the field of radiology, such as analysing chest X-rays and detecting lung 

diseases. In some cases it may be necessary to balance the datasets by generating synthetic 

images to represent conditions that are underrepresented. 

Training instability is another problem. GAN optimization is a trade of between two networks, 

which may be limited by mode collapse, i.e. the generator can only generate a small variation of 

samples. New GANs architectures such as Wasserstein GANs (WGANs) (Arjovsky et al., 2017) 

have been suggested to make the training process more stable and to improve the quality of the 

generated samples. Another key factor to consider in healthcare data generation is privacy. 

METHODOLOGY 

The method includes data collection, data preprocessing, synthetic data generation by Generative 

Adversarial Networks (GANs), data fusion of the generated and original data, and evaluation of 

diagnostic performance. The collected dataset is preprocessed to prepare it for the next stage. 

Datasets with labeled healthcare data are gathered from publicly available repositories or from 

clinical sources. Collected data are then preprocessed to enhance data quality and to make it 
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suitable for deep learning models. The preprocessing steps for medical images involve resizing, 

normalization, noise removal, and data standardization. In addition, data augmentation 

techniques like rotation, flipping and scaling can be used to add variations to the training data set 

(Shorten & Khoshgoftaar, 2019). Synthetic Data Generation using GANs: A Generative 

Adversarial Network (GAN) is used for the creation of realistic synthetic medical samples. The 

GAN has 2 parts: Generator and Discriminator.  

The generator generates synthetic samples from random noise and the discriminator determines 

the similarity of the generated samples to real medical data. Adversarial training teaches the 

generator to generate synthetic data of good quality that mimics the distribution of the original 

dataset (Goodfellow et al., 2014). To generate medical samples for specific classes, labels of the 

diseases can be used in the generation process, and a conditional GAN (cGAN) approach can be 

adopted. This helps to alleviate class imbalance and generate extra samples for minority disease 

class categories (Mirza & Osindero, 2014). 3. Training the Deep Learning Models This original 

data set is then used along with one from the GAN to generate an augmented data set. Deep 

learning models, such as convolutional neural networks (CNNs), are trained using the augmented 

dataset for healthcare diagnosis tasks. To prove the impact of the proposed approach, the 

performance of the models trained with and without the GAN augmentation is compared (Litjens 

et al., 2017). 4. Performance Evaluation Standard metrics like accuracy, precision, recall, F1-

score and area under receiver operating characteristic curve (AUC-ROC) are used to evaluate the 

proposed model. 

RESULTS 

The experimental results show that the proposed GAN-based data augmentation method can be 

effectively used for deep learning-based healthcare diagnosis. Original and GAN-augmented 

datasets were used to assess the performance of the diagnostic model, aiming to gauge the impact 

of synthetic data generation. The results show that the GAN-generated samples enhanced the 

model learning process through the increase of the diversity of the data and reduction of class 

imbalance. Performance of models has been compared using evaluation parameters like 

accuracy, precision, recall and F1-score. The results demonstrate that augmenting data with 

GANs can help to improve the robustness and generalization of deep learning models. These 

conclusions show the promise of the GAN-based approaches in creating more reliable and 

precise healthcare diagnosis systems. 
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Figure 1: Accuracy Comparison Before and After GAN Augmentation (Bar Chart) 

This is a comparison of the diagnostic accuracy obtained with the original data set and the GAN-

augmented data set. The results show that the model trained with GAN generated samples has a 

higher accuracy than the model trained with only real samples. This enhancement shows how the 

synthetic data generation can boost the diversity of the dataset and improve the ability of the 

deep learning model to learn more effective features for healthcare diagnosis. 
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Figure 2: Diagnostic Prediction Distribution After GAN-Based Augmentation (Pie Chart) 

This figure shows the results of correct and incorrect prediction from the proposed GAN 

enhanced deep learning model. A higher percentage of correct prediction shows greater 

diagnostic accuracy and the lower percentage of error shows fewer classification errors. The 

results of the visualization indicate that the addition of synthetic GAN-generated data contributes 

to better separation of the various healthcare conditions. 
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Figure 3: Deep Learning Model Training Performance Over Epochs (Line Graph) 

This is to illustrate how the accuracy of the model improves over the training process over 

several epochs. With each iteration, the deep learning model learns more meaningful patterns 

from the expanded data set, as evidenced by the upward trend. The results indicate that the stable 

increase in accuracy indicates that GAN-generated samples contribute to better convergence and 

generalization performance for the model. This is a result that validates the use of synthetic data 

while training models. 
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Figure 4: Synthetic Signal Pattern Generated by GAN (Sine Wave) 

This is the pattern characteristics of synthetic data generated using the GAN model. The example 

of the waveform shows how the generator can learn patterns of underlying data distributions and 

generate new samples with similar structural characteristics to real healthcare data. The results 

show that the pattern generated by GANs is able to capture complex relationships, and then 

artificial samples are generated to augment the data. 
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Figure 5: Distribution Analysis of GAN-Generated Data Samples  

This is the distribution statistics of synthetic samples generated using the GAN model. A 

histogram of the frequency distribution of the generated features is provided and shows the 

understanding of the closeness of the synthetic data with the original data set characteristics. A 

balanced and realistic distribution suggests that the GAN has successfully produced a variety of 

samples that can be used to enhance deep learning model training. 
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Figure 6: Overall Performance Evaluation of Proposed GAN-Based Diagnosis Model  

This number represents the overall evaluation results of the proposed model using various 

performance metrics such as accuracy, precision, recall and F1-score. The higher the values on 

these metrics, the better the healthcare diagnosis system's classification capabilities and 

reliability. The results show that the GAN-based augmentation is able to improve the overall 

accuracy as well as the ability to correctly identify positive cases while maintaining a balanced 

performance. 

DISCUSSION 

The results of this study indicate that data augmentation using GANs can greatly boost the 

performance of healthcare diagnosis systems based on deep learning. The experimental findings 

show that the use of synthetic data from Generative Adversarial Networks (GANs) results in 

higher accuracy in the model, better feature learning and higher robustness of diagnostic 

predictions. The enhancements are due to the potential of GANs to produce a variety of realistic 

samples, which can fill the scarcity of medical data and mitigate the negative effect of limited 

sample sizes. A key problem with AI in healthcare is the lack of labelled data that is suitable for 

training AI models. Medical datasets are typically small due to privacy laws, costly annotation, 

and the need for expertise, while deep learning models generally need a large amount of data to 

be effective 

This result corroborates Krawczyk's (2016) work, which highlighted how unbalanced data 

negatively impacts machine learning performance and pointed out the need for specific 
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strategies, aiming to boost minority class recognition. It shows that training performance analysis 

is enhanced by using GAN-augmented data, which shows faster convergence and more stable 

learning. The synthetic samples generated are used to give more variations, so that the model can 

extract more robust features from medical data. Prior studies have demonstrated that deep 

learning models trained on large datasets are able to exhibit higher generalization capabilities 

than models trained on small datasets (Litjens et al., 2017). Hence, GANs for augmentation is a 

viable method to enhance the reliability of healthcare AI systems. 

To enhance the stability of the training process and the quality of the generated data, advanced 

versions of the GAN have been developed, including Wasserstein GAN (WGAN) (Arjovsky et 

al., 2017). In the future, using a better GAN architecture with other advanced deep learning 

models like transformers, hybrid CNN, etc., can be used to improve the implementation. The 

results show that the overall performance is promising, indicating that GAN-based data 

augmentation can be a valuable technique to enhance the performance of deep learning-based 

healthcare diagnosis. GANs can help develop more accurate and reliable AI-assisted healthcare 

systems by diversifying the datasets, mitigating class imbalance, and enhancing model 

performance. Additional studies are needed, however, before the extension of the evaluation 

methods could be standardized, data quality of the synthesized data could be enhanced, and 

clinical acceptance could be achieved for widespread deployment. 

CONCLUSION 

This paper explored the use of a GAN to augment healthcare diagnosis systems using deep 

learning. The results show that Generative Adversarial Networks (GANs) can be used to 

overcome the key issues of small medical datasets, class imbalance, and lack of training samples. 

GAN-based augmentation enhances the diversity and quality of training data by producing 

synthetic healthcare data that closely mimics the real data, which helps deep learning models 

learn more representative features and leads to better diagnostic performance. 

Medical datasets are typically hard to gather, often because of privacy issues, ethical constraints, 

and the expense of having them expertly annotated. Traditional augmentation techniques have 

very little variability as they rely on pre-defined transformations. 

Furthermore, GAN training can be unstable, and may experience mode collapse, which decreases 

the variety of samples produced. There is a need for future research to make the GANs more 

stable and improve the quality of synthetic data by implementing better GAN architectures, 

including Wasserstein GANs and hybrid generative models (Arjovsky et al., 2017). In addition, 

privacy and ethical issues need to be dealt with in the context of healthcare data when using 

GANs. 

Combining GAN-based augmentation with privacy-preserving techniques and clinical validation 

frameworks will be important for future healthcare AI applications. To conclude, GAN-based 

data augmentation for healthcare diagnosis systems using deep learning is a promising strategy 
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to enhance the accuracy, robustness and scalability of the model. GANs can create realistic 

synthetic data, making them a valuable tool for addressing the challenges posed by limited 

medical datasets. As models, evaluation techniques, and privacy safeguards evolve, GAN-based 

augmentation holds promise in fostering the creation of robust AI systems for improved 

healthcare decision making and diagnostic results. 
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