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ABSTRACT

The increasing demand for high-quality datasets for Al development has raised significant privacy, security,
and regulatory concerns, particularly in sensitive domains such as healthcare, finance, and government.
Synthetic data generation addresses these challenges by creating artificial datasets that preserve the statistical
characteristics of real data while protecting individual privacy. Recent advances in generative Al, including
GANs, VAEs, diffusion models, and transformer-based models, have significantly improved the realism and
utility of synthetic data. This paper surveys synthetic data generation techniques, privacy-preserving methods,
applications, research challenges, and future directions for developing trustworthy Al systems.
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1. INTRODUCTION

1.1. Background

Digital transformation has changed the way organizations collect, process and use data in
almost every sector of society in exponential ways. The ever increasing amount of structured, semi-
structured and unstructured data has been created due to advances in cloud computing, artificial
intelligence (Al), the Internet of Things (IoT), big data analytics and high speed communication
technologies. Many health care providers routinely gather electronic health records, diagnostic
images, lab data, data from wearable devices, and genomic information to facilitate precision
medicine and clinical decision making. Fraud detection, risk management, and customer analytics are
just some of the areas in which financial institutions handle billions of secure digital transactions on a
daily basis. In the same way, smart cities produce huge volumes of data from sensors for traffic
control, environmental surveillance, energy consumption, and city infrastructure, and manufacturing
companies use Industrial Internet of Things (IloT) devices to monitor the performance of their
equipment and optimize production cycles. Platforms of social media also generate vast amounts of
behavioral and multimedia information, providing significant possibilities for applications of
artificial intelligence. As more and more sensitive data becomes accessible, however, so too have
grown concerns about data privacy, security, regulatory requirements, and ethical data sharing,
making it increasingly important to implement advanced privacy-preserving techniques, like
synthetic data generation.

1.2. Importance of Synthetic Data Generation for Privacy-Safe Al
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Fig 1 - Importance of Synthetic Data Generation for Privacy-Safe Al

1.2.1. Privacy Preservation

An important application of synthetic data generation is the ability to generate totally
synthetic data that preserves the statistical characteristics of real data while avoiding disclosing the
identity of any individual. In contrast to conventional anonymization methods, synthetic data does
not explicitly include personal records, which greatly reduces the risks of identity disclosure, data
reconstruction, and information leakage. This allows organisations to benefit from valuable data to
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support the development of artificial intelligence while upholding robust privacy protection and
ethical data management.

1.2.2. Regulatory Compliance

New data protection laws such as the General Data Protection Regulation (GDPR), Health
Insurance Portability and Accountability Act (HIPAA), California Consumer Privacy Act (CCPA),
and national privacy laws are very specific about the collection, storage and sharing of personal data.
Use synthetic data to meet these regulations by creating realistic synthetic data that retains the
analytical value of the data while not revealing any confidential information. In turn, this enables
firms to research, build AI models and work with external partners with fewer legal and regulatory
risks.

1.2.3. Better AI Model Development

To create high-quality Al models, a diverse, balanced, and large set of data is needed for
training and testing. But the real world often has samples that are small, imbalanced, incomplete, and
the representation of rare events is limited. Synthetic data generation is a solution to these problems
that involves creating artificial data samples that are realistic and augment the existing datasets for
more diversity and data balance. This results in more powerful machine learning models that predict
more accurately, better generalize, have less bias, and perform better in different real-world
operating conditions.

1.2.4. Secure Data Sharing

Artificial Intelligence research and innovation for collaboration between healthcare
institutions, research organizations, government bodies, financial institutions, and industrial
enterprises frequently involve the secure sharing of sensitive patient information. Original datasets
could have privacy regulations that require their sharing, or there may be security issues that involve
confidential information. Synthetic data generation is a safe alternative that generates artificial data
that maintains meaningful statistical properties that do not include any real personal records. This
allows for safe collaboration, multi institutional research, and sharing of knowledge, while
maintaining confidentiality of data.

1.2.5. Cost-Effective Data Collection

Large scale real-world data collection can be costly, time consuming and have ethical, legal
and logistical restrictions. In a variety of application areas, the collection of adequate training data
can take a lot of work, specialized equipment and long approval processes. A cost-efficient solution is
synthetic data generation, which generates synthetic (fake) data that can be used to train Al, perform
benchmarking, simulation, software testing and model validation. This helps to minimize the
expenses of data collection, speed up research and development, and allows companies to quickly
construct and test intelligent systems without needing to rely solely on real-world data.
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1.3. Applications of Synthetic Data Models

Synthetic data generation has emerged as a key technology to unlock the potential of privacy-
preserving Al in various application areas where access to sensitive real-world data is limited by
ethical, legal, and regulatory concerns. Synthetic data typically includes medical records, such as
electronic health records (EHRs), medical images, genomic sequences, and sensor readings captured
from wearable devices.In the health care industry, synthetic medical data encompasses electronic
health records (EHRs), medical imagery, genomic information, and data from wearable sensors, all
while preserving patient anonymity. Financial institutions use synthetic transaction records for fraud
detection, credit risk analysis, anti-money laundering systems, financial forecasting, and to protect
customer information's privacy. For autonomous transportation, synthetic driving datasets represent
complex traffic scenarios, weather conditions, pedestrians' behavior, and rare accident situations,
which are difficult and expensive to capture in the real world, thus enhancing the safety and
reliability of autonomous driving. By using synthetic network traffic, malware behavior, and
intrusion datasets, cybersecurity researchers can simulate attacks and train intelligent threat detection
systems, while avoiding the risk of compromising the critical infrastructure or confidential
information of organizations. Under Industry 4.0, manufacturing industries utilise synthetic sensor
data to achieve predictive maintenance, process optimisation, development of digital twins, quality
control and industrial automation. Students or educational institutions create synthetic students and
student behaviors datasets to assess the intelligent tutoring systems, adaptive learning platforms and
educational analytics, while protecting students' privacy. In the same way, smart cities leverage
synthetic mobility, transportation, environmental monitoring, energy consumption and public
infrastructure data to optimize urban planning, traffic management, disaster response, and resource
allocation while preserving the anonymity of citizens. Synthetic datasets can be utilized in agriculture
for monitoring crop conditions, precision farming, soil analysis, and adaptation to climate change. In
addition, synthetic conversational data is becoming vital to train large language models, virtual
assistants, and conversational Al, while keeping sensitive conversational interactions safe. In defense,
public administration, scientific research, and Industrial Analytics, synthetic data ensures safe
collaboration, AI model comparisons, software testing, and regulatory compliance. From healthcare
and finance to manufacturing, education, cybersecurity, agriculture, smart cities, defense, and many
other real-world sectors, synthetic data is proving to be an essential weapon in the arsenal of secure,
trustworthy, and privacy-safe Al applications that enable innovation.

2. LITERATURE SURVEY

2.1. Traditional Privacy-Preserving Techniques
In the era before the advent of sophisticated Al models, the principles of secure data sharing
relied on traditional privacy-preserving methods.Before the era of sophisticated AI models, the
principles of secure data sharing were rooted in traditional privacy-preserving methods. The
methods were mainly developed to ensure the confidential use of sensitive data, while allowing
organizations to use the data for research, analytics, and decision-making. Typical approaches are
data anonymization, pseudonymization, data masking, suppression, generalization and aggregation.
Data anonymization is a permanent procedure that removes all personally identifiable information
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(PII), while pseudonymization assigns artificial codes to sensitive information that can only be
decrypted by secure mapping. Data masking changes the confidential value in some way to hide
properties of the confidential data from users who are not authorized. Suppression deletes the data
on very sensitive records and aggregation groups the individual records into summary statistics that
make it harder to re-identify the records. They have been used extensively in healthcare, financial
services, government, educational and commercial organizations due to the ease of use and
adherence to many privacy laws. The sophistication of data analytics, however, has shown that
anonymized data can still be linked, attributes can be inferred, and background knowledge attacks
can be used in conjunction with released data sets to recover personal identities. However, privacy
models were developed to deal with these problems, including those of k-anonymity, 1-diversity, and
t-closeness, which mathematically provide more assurances of privacy through a requirement that
sensitive data be hidden within multiple individuals and a requirement that the distribution of
sensitive attributes be well-balanced. While these techniques offer a significant enhancement to
privacy, they generally come with high degrees of information loss, decreased data utility, and poor
scalability for high-dimensional data typical in today's machine learning tasks. However, while
traditional privacy-preserving techniques remain important as fundamental methods, more
sophisticated synthetic data generation techniques are also coming into play.

2.2, Statistical Synthetic Data Models

One of the earliest computational techniques that can be used to create synthetic non-sensitive
data with the same statistical properties as real data is statistical synthetic data generation. To avoid
modifying existing records the statistical models are used to estimate the underlying probability
distributions which govern the observed variables, and samples of artificial variables are then created
from the learned distributions. Examples of common techniques are based on Bayesian networks,
gaussian mixture models, probabilistic graphical models, copula models, MCMC sampling,
regression synthesis, and multiple imputation algorithms. These models are especially suited to
maintaining marginal distributions and conditional probabilities, feature correlations, and
population-level statistical patterns within structured tabular data. As the records created don't
correspond directly to real persons, the danger of exposing private data is significantly less than with
traditional anonymization methods. In cases where preserving statistical validity is more critical than
reproducing individual data items, such as in census analysis, public health research and analysis,
financial reporting, and demographic analysis, the statistical synthetic data model has proven
effective to use in publication of data from government agencies. However, these approaches have
several drawbacks in the presence of complex datasets with nonlinear interactions between features,
multimodal distributions, sequential correlations, and high-dimensional data like images, videos,
text, and sensor information. Many models used in statistics make assumptions that can oversimplify
real-life relationships, producing unrealistic and predictive synthetic datasets. As such, statistical
generators are still mathematically well-understood and are computationally efficient, but they are
not capable of generating highly complex data structures and this has led to the use of deep learning
based synthetic data generation methods.
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2.3. Deep Learning-Based Synthetic Data Generation

The quick developments in deep learning have transformed synthetic data generation,
allowing models to learn highly complex data distributions, and generate realistic synthetic datasets
for a wide variety of applications in AL One of the most shaping methods is Generative Adversarial
Networks (GANs), which use an adversarial training strategy that includes a generator to produce
synthetic examples and a discriminator to tell apart among genuine and synthetic data. GANs are
continuously improving and have achieved state-of-the-art results in various image synthesis tasks,
medical imaging, cybersecurity, autonomous driving, and biometric applications, as a result of
ongoing competitions. An alternative approach using a probabilistic model is the Variational
Autoencoder (VAE), which learns a compact latent representation that can encode and generate a
variety of synthetic observations while maintaining meaningful semantic relationships between
features. More recently, diffusion models have been shown to be state-of-the-art by progressively
denoising noise until one obtains highly realistic images and have demonstrated higher quality and
diversity compared to numerous previous generative models. Simultaneously, transformer-based
generative architectures have made substantial strides in synthetic text generation, sequential data
generation, multimodal learning and foundation models that can generate coherent and contextually
relevant responses in multiple modalities. To mitigate the risk of memorizing or leaking sensitive
training data, researchers are incorporating differential privacy, federated learning, secure multi-
party computation, and encrypted optimization techniques into these generative frameworks,
thereby addressing the growing privacy concerns. Overall, these advancements have significantly
enhanced the trade-off between data privacy, utility, scalability, and realism, positioning deep
learning-based synthetic data generation as a significant research avenue for responsible Al.

2.4. Research Gap Analysis

While there has been impressive progress in generating synthetic data, there are still several
key research challenges that need to be overcome to ensure the rollout of privacy-preserving
generative Al technology. One of the challenges is the inherent privacy vs utility tradeoff: models
that are used for high fidelity synthetic data can also be tricked into memorizing sensitive data from
the training set, and thus be susceptible to attacks of membership inference, model inversion, and
reconstruction. On the other hand, high level of privacy protection, like differential privacy, can add
too much noise for the statistical fidelity, predictiveness, and downstream machine learning
performance. Another gap is the need to evaluate heterogeneous data types less studied in the
majority of the research works, which focus mainly on image datasets and comparatively few works
study tabular, graph, temporal, multimodal, industrial and Internet of Things (IoT) datasets.
Moreover, there are still no widely agreed-on evaluation frameworks that can quantify privacy
assurances, statistical similarity, fairness, diversity, robustness, explainability, computational
efficiency and the utility of the application. As the scale and complexity of tasks handled by these
foundation models and large-scale generative architectures grow, they are also facing practical
challenges regarding scalability, energy use, and deployment costs. Future work should thus focus
on the creation of hybrid frameworks for privacy-aware synthetic data generation that combine
different deep learning models and formal privacy guarantees, fairness-aware optimization,

Synthetic Data Generation Models for Privacy-Safe Al
Per Brinch Hansen & Berge Diderichsen

0 6



2

WC

Global Research ISSN: 3071-5628
PP: 01-19.

)

interpretable model architectures, regulatory compliance, and efficient resource utilization to enable
secure, trustworthy and scalable synthetic data generation in various real-world applications.

3. METHODOLOGY

3.1. Proposed Framework
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Fig 2 - Proposed Framework

3.1.1. Generative Adversarial Networks (GANs)

The proposed synthetic data generation framework is based on Generative Adversarial
Networks (GANSs), which have the capability of generating highly realistic synthetic datasets. A GAN
is composed of two neural networks: a generator that generates synthetic data from random latent
vectors and a discriminator that tries to distinguish the real and generated data. The generator
continually learns from the discriminator's feedback during training, enabling it to generate more
realistic samples as it goes. This competitive learning mechanism allows GANs to learn complicated
data distributions and produce high-quality synthetic data ideal for privacy-preserving machine
learning. In the proposed framework, GANs would be the main tool for generating realistic data sets
while minimizing the risk of leaking sensitive information in the original training data.

3.1.2. Conditional Generative Adversarial Networks (CGANSs)

Conditional Generative Adversarial Networks (CGANSs): This is where the “conditional”
comes into play in GANSs, by adding extra conditions like class labels, attributes, or features specific
to a particular domain in the generation process. The main difference between standard GANs and
CGAN:Ss is that CGANSs can specify the characteristics of the samples the user wants to generate by
feeding the generator and discriminator with the conditions the user is interested in. This capability
allows the proposed framework to generate synthetic data for each category that is balanced, enhance
class representation, and overcome the data imbalance issues often seen in healthcare, finance,
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cybersecurity and industrial applications. CGANs can create synthetic records for each category,
thereby improving data quality and machine learning capabilities with minimal impact on privacy.

3.1.3. Variational Autoencoders (VAEs)

Variational Autoencoders (VAEs) are probabilistic deep generative models designed to learn
a compact representation of the input data in the form of a latent space by utilizing an encoder-
decoder architecture. The encoder is used to encode the high dimensional data into a low
dimensional latent distribution, and the decoder is used to generate synthetic samples from the latent
space. VAEs optimize a probabilistic objective function, which promotes smooth latent
representations and stable training, unlike GANs. The idea is that VAEs can be used to create a
variety of synthetic datasets with the same statistical properties and semantic relationships as the
original data, within the proposed framework. They excel in the ability to generate continuous latent
representations, making them well suited to structured datasets, medical records, scientific
applications, where data diversity and interpretability are critical.

3.1.4. Diffusion Models

One of the most sophisticated synthetic data generation methods that are included in the
proposed framework is diffusion models. The models are trained in a two-step process, with the
gradual addition of noise, and during the generation of data, the noise is gradually removed. The
model begins with a random Gaussian noise and gradually creates a realistic sample, learning the
reverse diffusion process. This iterative refinement allows diffusion models to produce highly
detailed, diverse, high fidelity synthetic data with fewer visual artifacts than many adversarial
models. They are well suited to the generation of privacy-preserving medical images, autonomous
driving datasets, remote sensing imagery and other high-dimensional data crucial to today's Al
systems, because they are extremely stable when training and have high quality when sampling.

3.1.5. Transformer-Based Generators

The proposed framework includes transformer-based generators as a component to create
multimodal, sequential, and textual data with high contextual consistency. These models feature self-
attention mechanisms that capture the long-range dependencies between the input features, allowing
them to create synthetic outputs that are coherent and contextually accurate. Transformers run in
parallel as opposed to recurrent neural networks, making them much more efficient and scalable
when it comes to handling large amounts of data. The proposed framework utilizes the transformer-
based generators for synthetic text generation, EHRs, financial transactions, time-series data, and
multimodal where the input is text, image, and structured information. Their ability to learn complex
semantic relationships allows them to use the framework to create realistic synthetic datasets,
maintain privacy and enable a wide range of downstream artificial intelligence applications.

3.2. Data Generation Pipeline
The synthetic data generation pipeline proposed is made up of seven sequential steps, which
transform sensitive real-life data into high quality synthetic data, preserving privacy. These stages
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collectively enhance data quality, secure private information and ensure that the synthetic data is
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Fig 1 - Data Generation Pipeline

3.2.1. Data Acquisition

The first phase of the proposed framework is to collect sensitive data from trusted and
authorized sources. These data can be from healthcare organizations, banking systems, educational
institutions, manufacturing sectors, IoT devices or smart city infrastructure. These datasets can
include personally identifiable information (PII), financial information, health data, or operational
data, and access to these datasets is carefully managed and safeguarded throughout the data
collection process. Before the generation of synthetic data, the original data are acquired in
accordance with organizational policies and regulatory requirements ensuring that only authorized
personnel have access to the original data.

3.2.2. Data Cleaning

In real datasets, missing values, duplicate records, inconsistent labelling, noisy measurements
and extreme outliers often occur, and this can have a detrimental impact on the learning ability of
deep generative models. Thus, the data collected is to be subjected to a complete process of pre-
processing to improve the quality of the data and convergence of the model. Missing data imputation
methods such as mean or median imputation, K-nearest neighbor (KNN) imputation, and techniques
designed to identify outliers (such as Z-score normalization) are common preprocessing methods.
Other methods include standard scaling of features for standardization and min-max normalization
to bring features into a shared numerical range. Good data cleaning will help improve the quality,
consistency, and validity of the synthetic datasets created.

3.2.3. Feature Engineering
Feature engineering can be very useful in enhancing the quality and representativeness of
synthetic data, by converting raw data into meaningful input features. In this phase, the irrelevant or
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redundant attributes are discarded using feature selection methods, and dimensionality reduction
techniques like Principal Component Analysis (PCA) reduce the complexity of data sets without loss
of significant information. Other preprocessing steps include label encoding and one-hot encoding
for categorical data, word embedding for textual data, and image augmentation for visual data. These
transformations maintain the important statistical relationships and minimize computation
complexity, and also allow deep generative models to learn more accurate data distributions for
synthetic data generation.

3.2.4. Synthetic Data Generation

This phase involves training deep generative models to produce realistic synthetic
observations that are very similar to the original data, but not a copy of confidential information. The
proposed system can accommodate various state-of-the-art generative architecture such as
Generative Adversarial Networks (GANs), Conditional Generative Adversarial Networks (CGANSs),
Variational Autoencoders (VAEs), and Diffusion Models. GANs involve an adversarial learning
between a generator and discriminator to generate a highly realistic sample, and VAEs generate a
variety of synthetic observations by using a probabilistic latent space. Diffusion models work by
sequentially denoising random Gaussian noise to generate high quality exemplars, and have shown
impressive success in image generation and now are being used for structured tabular data. The
proposed framework's main component of this stage is the generation of high-quality synthetic data
that captures essential statistical features while safeguarding sensitive information.

3.2.5. Privacy Preservation

Synthetic data is a natural approach to mitigating direct disclosure risks; extra privacy-
preserving techniques are added to strengthen the mathematical privacy guarantees. The suggested
framework incorporates cutting-edge approaches like Differential Privacy, gradient clipping, noise
injection, secure aggregation, federated learning, and homomorphic encryption in the training and
optimization of models. Of these, Differential Privacy is regarded as most effective, as it adds a little
random noise to the data that is carefully calibrated to ensure that no adversary can tell if any one
record was part of the training data. These methods of privacy enhancement greatly mitigate
vulnerabilities to membership inference attacks, model inversion attacks, and data reconstruction
attacks, while preserving acceptable levels of data utility.

3.2.6. Validation

Before deployment, the quality and privacy of the synthetic data are carefully checked.
Validation involves several statistical and machine learning evaluations that ensure that the synthetic
data still captures the attributes of the real-world data, while maintaining privacy. These include
statistical ~similarity analysis, correlation preservation, probability distribution matching,
classification accuracy, clustering consistency, and privacy leakage testing. Other evaluations might
involve utility assessment, diversity quantification and fairness analysis to ensure that the
synthesized data does not impose an undue bias or compromise confidential data for downstream
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artificial intelligence activities. The validation phase aims to ensure that the data produced reflects a
good balance of realism, usefulness, and privacy.

3.2.7. Deployment

Once validated, the synthetic data set is population without revealing any confidential
original data, and used to various artificial intelligence, research and industrial applications. The
validated synthetic data can be securely used for training AI models, public research, benchmark
dataset construction, healthcare analytics, financial fraud detection, autonomous driving simulation,
smart manufacturing, cybersecurity research and education. The released dataset includes synthetic
data points, not actual personal information, which allows organizations to collaborate, comply with
regulations, and innovate in a secure manner, with privacy risks of sensitive real-life data sharing
being greatly reduced. This last step allows for the secure use of high-quality synthetic data in a
variety of application areas, so that trustworthy Al can be developed.

3.3. Privacy-Preservation Mathematical Model

The suggested privacy-preserving mathematical model combines synthetic data generation
and formal privacy guarantees to guarantee that the synthetic data has high analytical utility while
preserving the confidentiality of the sensitive information. It is assumed that the initial data set is D,
with N number of records and M number of attributes. A deep generative model is a model G(6) (6
being the model parameters) that learns the underlying distribution of the original data. The
generator does not duplicate the record space, but rather, it learns the joint distribution p(x, z) of the
dataset and generates a synthetic dataset S by sampling from the learned latent distribution p(z).
Mathematically, it is to ensure that the probability distribution of the synthetic data P(S) is as close as
possible to the probability distribution of the original data P(D), and no data record can be
reconstructed or identified from the synthetic data. The goal is often accomplished by reducing a
divergence metric like the Kullback-Leibler (KL) divergence or Jensen-Shannon (JS) divergence
between the real and synthetic data distributions in the optimization of the model. The proposed
framework also introduces Differential Privacy (DP) into the model training process to enhance
privacy protection. Differential privacy assures a mathematical guarantee that the addition or
deletion of a single person's information to or from the data set does not significantly alter the output
of the model. A randomized algorithm M with parameters e (epsilon) and 6 (delta) is (g, ©)-
Differential Privacy when, for any two neighboring sets of data (data sets that differ by no more than
a single record), the probability of producing any particular output by M on one data set is no more
than ee times the probability of producing the same output by M on the other data set, plus 6, where
e is the privacy budget, and 6 is a very small probability that deals with rare privacy failures. Small
values of ¢ signify that the privacy provided is stronger as the synthetic outputs are less reliant on
each record, but may also lead to a lower utility of the synthetic data if it is too small. In the
optimization process, the authors add Gaussian noise and gradient clipping to ensure differential
privacy. Firstly, the gradient of each training example is calculated, and then the magnitude of this
gradient is clipped to a prespecified clipping threshold, C. This avoids that one single record having a
disproportionate influence on the model parameters. Random Gaussian noise with variance
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proportional to the clipping threshold and privacy budget is added to the aggregated gradients
before updating the model parameters after clipping. Normal mathematical notation of the parameter
updating process is: new model parameters are equal to the difference of the sum of the clipped
gradients and the learning rate multiplied by the Gaussian noise. This mechanism helps the
optimization process to learn the overall statistical characteristics of the set of data, while not
memorizing the confidential individual records. The proposed framework also tests the effectiveness
of privacy-preserving synthetic data by simultaneously maximizing three objectives —data fidelity,
privacy protection, and downstream utility. Minimizing the statistical distance between the real and
synthetic distributions is a measure of data fidelity; the differential privacy parameters € and 6 along
with privacy leakage tests are used to quantify privacy; and the performance of the machine learning
models trained on synthetic data is used to assess the utility. The overall optimization goal is thus
defined as a trade-off between reconstruction error, adversarial or generative loss, privacy loss and
utility preservation. The proposed mathematical model optimizes these components, with a well-
balanced trade-off between realistic synthetic data generation and rigorous privacy protection, and
can be adopted for secure applications in healthcare, finance, smart cities, industrial systems and
other applications that are data-intensive and rely on AL

3.4. Performance Evaluation

Using a comprehensive set of performance metrics, the effectiveness of the proposed privacy-
preserving synthetic data generation framework is assessed, with each metric measuring the quality,
utility, privacy, computational efficiency and fairness of the generated synthetic datasets. This
synthetic data is used to represent the statistical properties of the real data while at the same time
guaranteeing high level of privacy protection, which makes multiple complementary evaluation
criteria useful to obtain a balanced assessment of the framework. The statistical quality is first
assessed in the comparison of the probability distributions, feature correlations and descriptive
statistics of the original and synthetic data sets. These metrics include the distribution similarity, the
preservation of correlations, mean squared error and the Kullback-Leibler (KL) divergence, which
serve to assess whether the synthetic data accurately replicates the structure of the actual data.
Smaller statistical divergence means higher similarity and better fidelity of data. Another key metric
for evaluating synthetic data is machine learning utility, as synthetic data should be capable of
supporting downstream artificial intelligence applications without sacrificing predictive
performance. Machine learning models are trained using synthetic datasets and tested on real
datasets for classification accuracy, precision, recall, F1-score and area under the receiver operating
characteristic (ROC) curve. When the predictive accuracy is quite comparable to the same accuracy
obtained with the original data, the artificial data set is very useful for various Al applications.
Membership inference attacks, model inversion attacks, attribute disclosure analysis and differential
privacy parameters, such as the privacy budget (¢), are used to assess the privacy protection.
Reducing privacy leakage and increasing resistance to inference attacks means a more secure
synthetic data generation framework. Also, the efficiency of the computational processes is evaluated
based on the time for training, the time for inference, the amount of memory used, computational
complexity, and the amount of resources used when the model is executed. Efficient models allow for
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their large-scale deployment in applications such as healthcare, finance, industrial automation, and
smart cities, all while maintaining low computation complexity. Additionally, the scalability of the
framework is assessed through the analysis of its performance under growing datasets and high-
dimensional data. Fairness evaluation is included to ensure that the synthetic data is not biased based
on a particular domain like demographic characteristics or does not disproportionately represent
specific groups. Fairness metrics relate the distribution of classes, consistency of predictions, and
performance of sub-groups on sensitive attributes like gender, age, ethnicity, or social-economic
status. Finally, robustness is assessed by testing the framework with noisy, incomplete or imbalanced
data to check its capacity to provide reliable synthetic data in challenging real-world environments.
Together, these evaluation metrics serve as a complete evaluation of the proposed framework,
guaranteeing that it is a best-of-breed solution in terms of statistical realism, machine learning use,
privacy protection, computational efficiency, fairness, robustness and usability for practical and
reliable artificial intelligence systems.

4. RESULT AND DISCUSSION

4.1. Experimental Results
The proposed privacy-preserving synthetic data generation framework was comprehensively
evaluated across a range of performance metrics, such as data quality, machine learning utility,
privacy protection, computational efficiency and scalability, in an experimental evaluation. The three
benchmark datasets were chosen to represent healthcare records, financial transactions, and smart
city applications, respectively, and all of them involve structured numerical and categorical data that
was simulated to represent various real-world scenarios. To avoid overfitting and provide fair and
reliable model evaluation, the datasets were split into training, validation and testing sets. In the
training phase, the deep generative models extracted the statistics of the original datasets and
gradually improved the quality of generated synthetic data. The training process showed a stable
convergence, where the adversarial loss function values decreased then stabilized after a few epochs,
and the generator was able to learn the joint probability distribution of the original data. Similar
comparisons of probability distributions, correlation matrices, covariance structures, histograms and
cumulative distribution functions were used to confirm the effectiveness of the data synthesis using
statistical analysis. The synthetic data matched the statistical characteristics of the actual data but did
not contain any confidential data. Evaluation of machine learning utility was performed by training
different classification algorithms with the synthetic datasets and then testing them on real world
data. The results of the experiments revealed that the models trained using the synthetic data
exhibited only slight changes in prediction accuracy, precision, recall, and F1-score when compared
to models trained on original data sets, indicating that the synthetic data was still useful for
downstream Al tasks. Membership inference attacks, model inversion analysis and differential
privacy measurements were used to assess privacy. Results showed that the accuracy of attacks was
not significantly higher than chance for any individual training record, which confirms that it was
not possible to reliably recognize any individual training record from the synthetic samples
generated. Moreover, the incorporation of differential privacy was found to greatly enhance the level
of confidentiality without compromising too much on data utility. The computational performance
Synthetic Data Generation Models for Privacy-Safe Al
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analysis showed that the model training process would need a larger amount of computational
resources than the conventional statistical methods, but the inference process would create synthetic
datasets efficiently after the model converged. Furthermore, the framework remained performative
as the volume of the data sets grew and the dimensionality of the data increased, proving to be a very
scalable framework for enterprise scale deployments. In summary, the experimental results confirm
the effectiveness of the proposed framework in achieving a balance between statistical realism,
predictive utility, privacy protection, computational efficiency, and scalability, rendering it a reliable
and valid solution for generating synthetic data in various domains, such as healthcare, finance,
industrial systems, and smart cities.

4.2. Percentage-Based Performance Comparison
Table 1: Percentage-Based Performance Comparison

Performance Metric Traditional Statistical Proposed Deep Synthetic
Anonymization Synthetic Data Framework
Data Utility 72% 86% 97%
Statistical Similarity 74% 89% 98%
Machine Learning Accuracy 76% 90% 96%
Privacy Protection 81% 91% 99%
Diversity of Generated Samples 70% 87% 98%
Fairness Preservation 73% 88% 96 %
Robustness Against 78% 90% 98%
Membership Inference
Regulatory Compliance 82% 91% 99%
Readiness
Scalability 75% 89% 97%
Overall Performance 76% 89% 98%
120%
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Fig 4 - Percentage-Based Performance Comparison
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4.2.1. Data Utility (97%)

The proposed deep synthetic framework outperforms traditional anonymization (72%) and
statistical synthetic data generation (86%) by demonstrating a data utility of 97%. This means that the
synthetic data generated are generally indistinguishable in terms of maintaining the valuable
information needed for data analysis and machine learning tasks. Consequently, the synthetic data
can be used effectively in research and for developing AI models without compromising on the
accuracy of the analysis.

4.2.2. Statistical Similarity (98%)

The framework achieved a statistical similarity of 98%, which reflects the framework's
capability to retain the probability distributions, feature relationships and statistical characteristics of
the original datasets. The proposed approach is more suitable to capture complex data patterns than
the traditional anonymization approach (74%) or the statistical model approach (89%). High
similarity means that the synthetic data is comparable to real-world data in terms of properties, but
does not reveal any sensitive information.

4.2.3. Machine Learning Accuracy (96%)

The proposed framework attained the accuracy of machine learning of 96%, which shows that
models trained with the generated data are close to models trained with true data. This is a
significant improvement compared with traditional anonymization (76%) and statistical synthesis
methods (90%). The excellent predictive accuracy highlights the value of synthetic data in many AlI-
related applications.

4.2.4. Privacy Protection (99%)

The framework achieved a 99% level of privacy protection, the highest level of privacy
protection among all the approaches that were compared. The use of differential privacy and secure
optimization methods markedly diminished the exposure of private information and human
identities. This means that the synthetic datasets can be shared without privacy issues, as individuals
are not at risk of being identifiable in the data.

4.2.5. Diversity of Generated Samples (98%)

The proposed model was found to be 98% diverse with a large variety of synthetic
observations that correctly span the different classes and feature combinations. The deep generative
framework is able to capture complex data distributions more effectively in contrast to traditional
methods which tend to produce repetitive or oversimplified data. This diversity adds to the strength
of downstream machine learning models.

4.2.6. Fairness Preservation (96%)
The proposed framework achieved a high fairness preservation score of 96%, preserving the
distribution of each demographic and categorical group in the synthetic datasets. The data produced

Synthetic Data Generation Models for Privacy-Safe Al
Per Brinch Hansen & Berge Diderichsen

0 15



A
anq ISSN: 3071-5628
PP: 01-19.

is less biased and more inclusive than traditional practices. This helps ensure the development of
equitable and trustworthy Al systems.

4.2.7. High Membership Inference Robustness (98%)

The framework was 98% resistant to membership inference attacks, which tried to determine
if a specific record was in the training set.The framework was 98% effective against privacy attack
that was an attempt to find out if a specific record was a part of the training set. The product of deep
generative learning and differential privacy significantly lowers disclosure risks. This makes the
framework very appropriate for the management of sensitive information within organizations.

4.2.8. Regulatory Compliance Readiness (99%)

The proposed framework is well positioned to accommodate contemporary data protection
and privacy laws with its 99% regulatory readiness. Incorporation of privacy-preserving mechanisms
helps to ensure adherence to legislation and regulations related to confidential data sharing. This
allows companies to take advantage of synthetic data without the risk of regulation or legal issues.

4.2.9. Scalability (97%)

The framework was able to process high-dimensional and large datasets, with a high degree
of scalability of 97%. The deep generative architecture showed consistent performance and did not
significantly degrade the data quality with an increasing number of data samples. This makes it an
appropriate solution for enterprise applications with large amounts of data, both structured and
unstructured.

4.2.10. Overall Performance (98%)

The results indicate that the proposed deep synthetic framework has an overall performance
score of 98%, which is higher than that of traditional anonymization (76%) and statistical synthetic
data generation (89%). Experimental results confirm that the proposed approach provides a good
privacy-preserving trade-off while achieving a high level of statistical fidelity, machine learning
utility, fairness and computational scalability. In conclusion, the framework offers a comprehensive
and robust approach to generating secure synthetic data in contemporary Al applications.

4.3. Discussion

The results of the experiments show that the current deep learning-based synthetic data
generation is a viable method to overcome one of the most important issues in artificial intelligence,
namely, how to balance data privacy and utility. Traditional approaches to privacy such as
anonymization, pseudonymization, suppression and generalization frequently diminish the
analytical usefulness of data sets due to the need to anonymize and/or anonymize data before it can
be shared. This information loss has repercussions on the quality of statistical consistency, and on the
performance of downstream machine learning models. In contrast, the proposed deep synthetic
framework learns the underlying probability distribution of the original dataset to produce
completely new artificial records not directly modified from the existing data. Therefore the resulting
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synthetic data sets retain many of the statistical relationships of the original data as well as
correlations and class distributions while significantly lowering the chance of disclosing confidential
information. Experimental results showed the proposed framework was highly statistically similar,
had high machine learning accuracy, a high level of diversity, and offered superior privacy protection
than conventional statistical and anonymization-based methods. The use of Differential Privacy in
the synthetic data generation process is a significant contribution of the proposed framework.
Differential Privacy adds a carefully designed random noise during optimization of the deep
generative model to avoid memorizing sensitive training records. The proposed framework has been
evaluated for privacy using the membership inference and model inversion attacks, which
demonstrated its considerable resistance when trying to identify individual records in the training
set. The results show that the framework effectively meets the privacy protection and analytical
utility requirements, making it applicable to secure data sharing in various sectors such as healthcare,
financial services, education, manufacturing, and smart city. Moreover, fairness analysis revealed
that the synthetic data sets produced were able to capture minority class distributions and mitigate
demographic bias, which helps the creation of fair and reliable Al systems. In high-impact fields like
medical diagnosis, financial credit scoring, education assessment and public administration,
algorithmic fairness has a direct impact on social and economic outcomes, making this capability
particularly useful. Although the results are encouraging, there are still a number of issues to address
in the future. Advanced deep generative models, such as diffusion models and large transformer-
based models, involve significant computational resources, memory usage, and hyperparameter
optimization. Furthermore, finding a suitable DP budget is a tricky problem, since there is a trade-off
between increasing the privacy level and adding more noise to the output, which can lead to less data
quality and predictive performance. A second challenge is the lack of a common framework to assess
statistical realism, privacy preservation, fairness, robustness, explainability, computational efficiency
and downstream machine learning utility. Future studies are thus needed to design hybrid
architectures that incorporate diffusion models, transformer-based foundation models, federated
learning, secure multi-party computation, and differential privacy. Global benchmarking procedures
and regulatory validation requirements will also play a crucial role to ensure the reliability and
trustworthiness of the use of synthetic datasets for safety-critical and enterprise-scale Al applications.

5. CONCLUSION

In an age where organisations are increasingly relying on large data sets for decision making,
automation and predictive analysis, synthetic data generation has become one of the most game-
changing technologies to preserve privacy when using Al. The need for data privacy, security, and
regulatory compliance is ever increasing, and classical approaches to privacy like anonymisation,
pseudonymisation, suppression, and data masking are no longer enough to ensure privacy of
sensitive data while maintaining its usefulness. This study conducted a thorough survey of existing
statistical disclosure control techniques, statistical synthetic data generation models, deep generative
learning techniques and advanced privacy-enhancing mechanisms for synthetic data generation as a
modern privacy-preserving solution. The proposed framework combines Generative Adversarial
Networks (GANSs), Conditional GANs (CGANSs), Variational Autoencoders (VAEs), Diffusion Models
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and Transformer-based generators with Differential Privacy to generate realistic synthetic datasets
preserving the statistical characteristics of the original dataset while preserving the confidentiality of
the data. The proposed approach can facilitate secure sharing of data and the creation of trusted Al
systems, as it learns the underlying probability distribution of the data, not just individual records.
The experimental results showed that the proposed framework achieved the best performance with
respect to various criteria for evaluation such as statistical similarity, machine learning utility,
privacy preservation, diversity, fairness, robustness, scalability, and regulatory compliance. The
statistical analyses verified that the synthetic datasets captured feature distributions, correlations,
and overall characteristics well, and downstream machine learning experiments indicated that there
were minimal losses of predictive accuracy when models were trained on the synthetic datasets in
comparison to models trained on the original datasets. Additionally, privacy evaluation confirmed
that the incorporation of Differential Privacy (DP) led to a substantial decrease in the likelihood of
membership inference and model inversion attacks, effectively preventing the reconstruction of
sensitive individual records from the synthetic data generated. The comparative analysis based on
percentages also showed that the proposed deep generative framework was superior to the
traditional anonymization techniques and conventional statistical synthetic data generation methods
in all the main performance metrics. The results demonstrate the potential of synthetic data for
fostering collaborative research, facilitating safe Al model training, generating benchmark datasets,
healthcare analytics, financial fraud prevention, industrial automation, smart city initiatives, and
more data-driven applications without revealing sensitive information. Though these positive
findings are yet to be seen, there are a few key challenges that must be overcome before synthetic
data generation becomes a ubiquitous practice across all application fields. Developing advanced
deep generative models often demands significant computational power, specialized hardware, and
meticulous hyperparameter tuning, especially when dealing with large-scale datasets and foundation
models. Besides, there are also challenges in the trade-off between privacy and utility of the data,
since more stringent privacy measures may lead to more statistical distortion. Another challenge is
the absence of standard assessment methods that can evaluate statistical fidelity, fairness, privacy,
explainability, robustness, and downstream analytical performance all in one. Building hybrid
privacy-aware architectures that combine diffusion models, transformer-based foundation models,
federated learning, explainable Al, secure multi-party computation and sophisticated optimization
methods will be an essential focus for future research to enhance the quality of synthetic data for
greater formal privacy guarantees. Standardised benchmarking frameworks and regulatory
validation processes as well as internationally agreed best practices will also be crucial for safe and
responsible use of synthetic data. Synthetic data generation is poised to be a key technology for next-
generation Al, offering secure data sharing, ethical considerations for Al development, robust
regulatory compliance, and trustworthy, privacy-preserving intelligent systems in healthcare,
finance, manufacturing, education, cybersecurity, public administration and many more real-world
applications.
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