
The Sankalpa: International Journal of Management Decisions 
ISSN: 2454-7425 
Volume 12, Issue 2 (July - December 2026) 
 
 

748 
 

Healthcare Synthetic Data Generation using Generative Adversarial 

Networks 

 

Mateo R. Villanueva 

Faculty of Computing, University of Valencia, Spain 

 

Received: 18/05/2025      Accepted: 30/06/2026       Published: 02/08/2026 

 

Abstract: 

Recently developed as powerful tools for synthetic data creation, Generative Adversarial 

Networks (GANs) show a lot of promise in healthcare applications, where data availability and 

privacy concerns are major issues. utilizing GANs for the generation of high-quality synthetic 

healthcare data, with the aim of protecting patient privacy while retaining important features 

and trends observed in actual data. There are data shortages, regulatory constraints, and privacy 

concerns in sensitive sectors such as medical imaging, patient records, and clinical research. 

GANs generate realistic, anonymized datasets, which eliminates these issues. We examine 

various GAN architectures and training methods with a focus on healthcare, assessing their 

ability to produce synthetic data for applications like as diagnosis, predictive modeling, and 

treatment planning. We also touch on some of the potential limitations and ethical issues with 

using GANs in healthcare, including issues with data accuracy and model interpretability. 

Greater access to healthcare data, enabled by GANs, has the potential to improve patient care, 

medical research, and AI-driven insights. 

keywords Generative Adversarial Networks (GANs),  Synthetic Data Generation,  Healthcare 

Data Privacy,  Medical Imaging,  Anonymized Datasets 

Introduction 

The healthcare business is undergoing a data-driven transformation with the help of AI in areas 

such as patient management, treatment planning, and diagnostics. Inaccessible and useless 

healthcare data is the result of data scarcity, ethical concerns, and privacy regulations. The 

emergence of Generative Adversarial Networks (GANs) offers hope for a solution to these 

issues; these networks have the ability to produce synthetic data while safeguarding patients' 

privacy and faithfully portraying the important features and trends found in their data. Genetic 

algorithm neural networks (GANs) generate realistic datasets of excellent quality, which is a 

priceless asset for research and model training in domains such as medical imaging, electronic 

health records (EHRs), and predictive modeling. Traditional means of acquiring this data often 

require navigating these laws, as set forth by the General Data Protection Regulation (GDPR) 

and the Health Insurance Portability and Accountability Act (HIPAA). Therefore, academics 

and healthcare professionals encounter challenges while attempting to develop AI-driven 

solutions as a result of restricted access to data. By generating synthetic data that resembles 

actual patient data without direct identifiers, GANs offer a new viewpoint, reducing privacy 

concerns while increasing flexibility in cooperation and data sharing. Data scarcity is an issue 

that GANs take on, along with privacy concerns. This is especially true in specialized fields, 
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with rare diseases, and in emerging healthcare applications. With the use of GANs, which 

synthesis realistic data and enable the construction of robust AI models, diagnosis accuracy, 

treatment recommendations, and personalized healthcare can all be improved. If you are 

looking for a way to train deep learning models without having access to vast quantities of real-

world data, GANs can provide more realistic images, which is great for medical imaging. 

However, implementing GANs in the healthcare industry is not without its challenges. Data 

fidelity, or the maintenance of realistic and convincing synthetic data, is crucial for effective 

model training and reliable outputs. There are ethical and technological concerns about the 

interpretability of GAN-generated data in very open and accountable healthcare settings. This 

study investigates GANs' role in healthcare synthetic data generation, looking at how they 

might enhance AI applications in a way that keeps users' privacy and ethics in mind. We discuss 

the benefits, drawbacks, and ethical issues of using synthetic data in real-world situations, 

examine real-world healthcare applications, and examine the various GAN architectures. 

Understanding and fixing these problems will set GANs up to be a game-changer in the future 

of healthcare, allowing for more data accessibility, creativity, and, ultimately, better patient 

outcomes and more progress in medical research. 

Gains from Using GANs to Generate Healthcare Data 

When it comes to addressing data scarcity and privacy problems, the healthcare industry stands 

to benefit greatly from Generative Adversarial Networks (GANs). The increasing reliance on 

artificial intelligence (AI) for healthcare operations, diagnostics, and treatments has created an 

urgent and crucial need for large, diverse, and high-quality datasets. To build trustworthy AI 

models without compromising patient privacy, Generative Adversarial Networks (GANs) 

provide a powerful means of producing synthetic healthcare data that mimics real data in 

appearance and behavior. The following are a few of the main advantages of using GANs to 

produce healthcare data: 

1. Addressing Data Scarcity 

Particularly in domains necessitating specialized data, like rare diseases and tailored medicine, 

data scarcity poses a substantial challenge to healthcare. Generative Adversarial Networks 

(GANs) produce artificial data to supplement sparse datasets, enabling more precise AI model 

training and development. To illustrate, GANs can augment datasets with synthetic medical 

pictures or patient records, allowing for the training of strong machine learning models even in 

settings with limited data. When data collection is difficult, expensive, or takes a long time, 

this becomes quite useful. 

2. Privacy Preservation and Anonymization 

The delicate nature of patient data makes privacy issues of critical importance in the healthcare 

industry. With GANs, it is possible to build fake datasets with the same statistical 

characteristics as genuine patient data, but without exposing any personal information. 

Healthcare organizations may easily comply with privacy rules like GDPR and HIPAA by 

using GANs to generate anonymous data. This anonymized data can then be used for research, 

model training, and analysis. An technique that supports a privacy-preserving manner of data 
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sharing and cooperation, this method decreases the danger of data breaches and maintains 

patient confidentiality. 

3. Enabling Data Sharing and Collaboration 

Concerns about privacy, regulations, and competition sometimes limit data sharing across 

institutions and research teams. Secure data sharing is made easier with GANs since they 

provide high-quality synthetic data that mimics real datasets' patterns without revealing any 

personally identifiable information. Sharing this synthetic data securely between businesses 

promotes teamwork and new ideas in healthcare research. For example, breakthroughs in fields 

such as clinical trials, disease prediction, and treatment efficacy can be expedited through the 

use of synthetic datasets in multi-institutional investigations. 

4. Improving Model Performance and Generalizability 

In healthcare, AI models need datasets that are representative of the population as a whole in 

order to work effectively with different types of patients. GANs generate synthetic data that 

represents varied demographic and clinical factors, which helps to boost the model's 

generalizability. This synthetic data can be tailored to include a wide range of patient types, 

disease variations, and treatment scenarios, reducing biases and improving the model’s ability 

to generalize across different population subsets. Consequently, healthcare models that have 

been trained using synthetic data have a better chance of producing trustworthy results for a 

wide range of patient populations. 

5. Supporting Rare Disease Research and Training 

The lack of patient data limits research on uncommon diseases, which in turn slows down the 

creation of diagnostic tools and treatments. In situations when there is a lack of real patient 

data, GANs can produce synthetic data for uncommon diseases, which helps with research and 

model training. Because it enables the generation of valuable datasets that would not be 

accessible otherwise, this capability has the potential to revolutionize the diagnosis of 

uncommon diseases and the development of individualized treatment strategies. 

6. Cost-Effective Data Augmentation 

Medical imaging and long-term patient monitoring are two examples of data collecting chores 

that can place a heavy financial and logistical burden on healthcare systems. Generated 

artificial neural networks (GANs) offer a practical and economical alternative to costly data 

collecting by augmenting existing datasets with synthetic data. Take medical imaging as an 

example. By supplementing training datasets with GAN-generated images, AI models can 

perform better without breaking the bank on imaging or data gathering. 

7. Simulating Complex Clinical Scenarios for Training 

By simulating complex or rare clinical events, GANs provide healthcare professionals and AI 

models with the opportunity to learn from a wide range of conditions in training settings. 

Improving model reliability, providing healthcare practitioners with exposure to various 

instances, and establishing models and training protocols in safe, controlled environments are 

all made possible by GAN-generated data. 

8. Facilitating Rapid Prototyping and Testing 
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By offering a wealth of synthetic data for algorithm creation and validation, GANs facilitate 

the quick prototyping and testing of AI models. Scientists and programmers can use this 

synthetic data to do model tests in simulated healthcare settings, making sure the models work 

well before putting them into real-world clinical use. A safer and more efficient deployment 

procedure in real-world applications is made possible through this prototyping, which 

decreases the chance of model errors. 

The use of GANs has the potential to revolutionize healthcare data collection by facilitating 

the preservation of privacy, training of models, and research in domains where access to 

traditional data is difficult. Healthcare researchers and practitioners can utilize GANs to create 

realistic synthetic datasets of high quality, allowing them to harness the power of AI while also 

addressing regulatory and ethical concerns. Given these benefits, GANs are poised to become 

a potent instrument for healthcare innovation, helping to bring about better patient outcomes 

and more inclusive healthcare solutions. 

Conclusion 

Generative adversarial networks, also known as GANs, are changing the development of 

healthcare data in order to address a variety of challenges, including data scarcity, concerns 

raised about privacy, and regulatory limits. Generalized adversarial networks (GANs) offer a 

practical solution to the problem of increasing data availability in fields where access to actual 

medical data is restricted or limited. This is accomplished without compromising patient 

confidentiality. There are a number of data-sensitive fields, including medical imaging, 

research on rare diseases, customized treatment, and predictive modeling. GANs contribute to 

the advancement of these fields by providing synthetic data that is realistic. GANs are utilized 

in the healthcare industry for more than simply the collection of data; they also assist in the 

development of AI models that are better able to manage a variety of patient populations. 

Because of this potential to represent complex and varied clinical situations, the creation of 

artificial intelligence systems that are able to generalize across demographics with more 

precision, improve diagnostic accuracy, and provide tailored treatment recommendations is 

made easier. Additionally, GANs foster innovation by reducing the barriers that research 

encounters and by enhancing the overall rate of healthcare advancements. This is accomplished 

by facilitating the interchange of secure data and collaboration among institutions. However, 

there are still challenges to be conquered, particularly with regard to ensuring that the data is 

complete and reliable, that the models are simple to comprehend, and that ethical standards in 

the healthcare industry are maintained. In order to maintain confidence, dependability, and 

patient safety as GAN technology continues to advance, it is essential to establish norms for 

the ethical exploitation of synthetic data in healthcare contexts. It will be necessary for 

researchers in artificial intelligence (AI), healthcare providers, ethicists, and legislators to 

collaborate across disciplines in order to address these challenges.  GANs are a game-changer 

when it comes to the care that patients receive. They make available to both academics and 

practitioners a powerful instrument that can enhance data-driven insights while simultaneously 

safeguarding patient privacy and maintaining compliance with regulations. In healthcare 

systems that make use of artificial intelligence, the contributions that GANs provide to the 



The Sankalpa: International Journal of Management Decisions 
ISSN: 2454-7425 
Volume 12, Issue 2 (July - December 2026) 
 
 

752 
 

collecting of data that is accessible, ethical, and of high quality are becoming increasingly 

essential. Precision medicine and patient-centered care are expected to be influenced by these 

contributions. 
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