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Abstract: Through quantitative analysis of three datasets, this study examines the efficacy of synthetic data
generation in mitigating demographic bias within artificial intelligence (Al) systems across multiple sectors. It
evaluates approaches based on Generative Adversarial Networks for creating demographically balanced
synthetic data whilst maintaining data fidelity and model performance. The findings demonstrate significant
improvements in fairness metrics, with Demographic Parity scores increasing markedly for both race and
gender attributes, whilst maintaining comparable accuracy scores between synthetic and original datasets (0.87
versus 0.88). Kullback-Leibler Divergence values below 0.003 for categorical features indicate successful
replication of demographic characteristics. The study reveals that synthetic data can effectively address
representational imbalances without compromising predictive performance, particularly in bias-sensitive
domains such as healthcare and criminal justice. However, implementation requires rigorous validation
protocols and human oversight to ensure quality and fairness. The research contributes to the growing body
of evidence supporting synthetic data as a viable solution for developing more equitable Al systems,
particularly within regulatory frameworks emphasising fairness and privacy. These findings have significant
implications for the advancement of Al development, suggesting the integration of human-in-the-loop systems
to enhance synthetic data generation quality and fairness.

Keywords: artificial intelligence fairness; synthetic data generation; demographic bias mitigation
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Introduction

The use of synthetic data has greatly aided artificial intelligence (AI) model training, particularly
in reducing pervasive biases in data-driven applications in recent times. Sociodemographic variations
in traditional datasets, which are frequently constrained by real-world issues, induce biases into Al
models. Models trained on such data often replicate or exaggerate preexisting biases, resulting in bias
or erroneous outcomes in critical sectors where accuracy and equity are critical, such as criminal
justice, healthcare, and finance. These biases compromise the reliability and trustworthiness of Al
systems. Synthetic data improves demographic inclusivity and provides a novel way to promote
impartiality in Al algorithms.

Synthetic data production may now imitate real-world settings while maintaining privacy and
regulatory compliance thanks to advancements in generative Al In contrast to actual data, synthetic
datasets can be made to accurately reflect a range of demographic groupings, hence correcting
imbalances. According to recent trends, the use of synthetic data is growing quickly. By 2026, it is
predicted that almost 75% of organisations would use synthetic data into their Al applications, a
significant rise from less than 5% in 2023. This increase highlights the need for privacy-focused
solutions as well as the understanding of how synthetic data might lessen biases in real-world
datasets.
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The ability of synthetic data to add variation to training datasets is one of its main advantages.
By directly addressing the biases that are frequently ingrained in current models, synthetic data helps
create a more equitable representation across gender and racial lines in domains like facial
recognition. However, producing synthetic data is challenging; for it to be useful, it must accurately
mimic real-world dynamics. Even though synthetic data is capable of capturing many real-world
patterns, it still has trouble understanding the subtleties of social relationships and human behaviour,
which may restrict its usefulness in particular applications.

Concerns about ethics and regulations highlight how crucial synthetic data is to the
development of Al Since synthetic data doesn't reveal genuine personal information, it complies with
current data privacy laws like the US Executive Order on Al and the EU Al Act. These regulations
place a strong emphasis on accountability, transparency, and equity in Al systems, which makes
synthetic data a desirable option for businesses that prioritise compliance. However, as synthetic data
technology advances, constant attention to detail is essential to prevent inadvertent biases in data
creation. Here, human-in-the-loop (HITL) systems—which include human management—are
essential. HITL techniques are used by about 80% of businesses that use synthetic data to find and fix
biases that might be missed by fully automated systems.

Particularly in sectors where data collecting is costly, time-consuming, or constrained by privacy
laws, synthetic data offers advantages. The cost and logistical obstacles that come with gathering real-
world data might not be solved by synthetic data. However, there may be moral or legal obstacles to
data collection in fields like healthcare and autonomous systems. For instance, by providing data that
complies with regulations, synthetic photos help with identity verification and autonomous system
training. For Al applications that need to scale while maintaining compliance with data protection
regulations like the CCPA and GDPR, this flexibility is crucial.

Despite its benefits, synthetic data comes with limitations that need to be carefully addressed.
One major concern is the risk of transferring biases from the original datasets to the synthetic data,
especially if the source data lacks demographic diversity. While synthetic data has the potential to
enhance demographic inclusivity, biases can still persist if the generative processes are not thorough
enough. To ensure that synthetic data supports fair Al model development, it's essential to
implement fidelity checks and bias-monitoring protocols to maintain demographic alignment.

Recent case studies from various field show the growing use of synthetic data. In human
resources, for example, synthetic data is used to create more balanced datasets, helping to reduce
biases in hiring algorithms and support fairer hiring practices. In healthcare, synthetic patient data is
improving diagnostic models, ensuring they perform equitably across diverse demographics. Goyal
and Mahmoud (2024) argue that advances in prompt engineering for large language models (LLMs)
are expanding the versatility of synthetic data, allowing for the generation of task-specific data in
areas like customer service, financial analytics, and other bias-sensitive functions.

Synthetic data enables the formation of varied, Privacy-compliant datasets, handling restrictions
connected with real-world data, such as privacy risks, scarcity, and ingrained biases. It enables the
advancement of datasets including broad demographic, therefore improving the depictive equity of
Al models. Moreover, synthetic data enhances real-world datasets by increasing the scenarios in
which AI models operate productively, particularly where real data might be inadequate or
constrained.

This research assesses the efficacy of synthetic data in mitigating bias, analysing its impact on
model performance, and identifying best practices for generating and integrating synthetic data.

Techniques for generating Synthetic Data

Synthetic data generation plays a critical role in addressing data limitations and biases in AL
Key techniques in this domain include Generative Adversarial Networks (GANs), Variational
Autoencoders (VAEs), and diffusion models, each presenting unique benefits and difficulties. GANs,
which comprise of a generator and discriminator working collaboratively to manufacture and assess
synthetic data, generate highly realistic results. However, they face issues like training instability and
mode collapse, leading to a lack of output variety. On the other hand, VAEs employ encoding and
decoding within latent spaces, offering controlled variability and more stable training processes.
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VAEs are less complex than GANs. Recently, diffusion models have attracted increasing attention.
These models refine random noise into detailed, high-resolution data but demand substantial
computational resources. The diffusion models are particularly valuable for applications requiring
high data fidelity and demographic diversity, ensuring accuracy and inclusivity.

These techniques hold promise for mitigating bias, though each comes with its own limitations.
GANSs, while producing high-quality outputs, may fail to ensure sufficient diversity in fields sensitive
to demographic representation, such as healthcare and finance. VAEs, stable and efficient, might
sacrifice fidelity, restricting their applicability to complex data distributions. On the other hand,
diffusion models, known for their detailed outputs, may not be suitable for industries that require
high resolution and demographic representation. However, their substantial computational
requirements restrict wider accessibility.

The rise of large language models (LLMs) has significantly advanced synthetic data generation,
particularly in applications involving text and multimodal data. Through prompt engineering,
researchers can guide LLMs to create synthetic datasets that address demographic imbalances,
improving representational accuracy. Quick engineering increases the flexibility of synthetic data
applications, enabling the generation of precise and diverse text that meets specific demographic
needs. This advancement is crucial for bridging demographic gaps and enhancing AI model
inclusivity.

Nonetheless, ethical considerations remain a concern. Synthetic data methods, especially those
powered by large language models, may risk perpetuating biases present in the training data. This
underscores the need for cautious oversight to avoid reinforcing societal biases, even as generative
models enhance data quality and diversity. These advancements emphasise both the opportunities
and difficulties of using synthetic data to create fairer Al systems, illustrating the complexities of
promoting inclusivity in artificial intelligence.

Synthetic Data in Bias Mitigation

Synthetic data is a powerful tool for alleviating biases in Al models, especially in addressing
demographic imbalances frequently present in real-world datasets. The analysts can create datasets
that promote fairer Al outcomes by generating synthetic data that represents underrepresented
groups. In the case of facial recognition. Synthetic data fosters balanced demographic representation
by including diverse racial, gender, and age groups, helping to reduce the biases commonly found in
traditional data. Additionally, the studies show training models on synthetic datasets with varied
facial characteristics improves model accuracy across demographics, contributing to more equitable
outcomes for marginalised groups.

In healthcare, synthetic data equally decreases bias in diagnostic outcomes as synthetic patient
data with a even distribution of age, gender, and ethnicity substantially enhances diagnostic
accuracy, particularly for non-Caucasian patients. This method illustrates the possibility of synthetic
data in addressing healthcare disparities, promoting patient equity, and fostering trust in Al-driven
healthcare applications. Furthermore, synthetic data has been utilised in customer service to train
chatbots on different linguistic and cultural interactions. This integration improves chatbot responses
across diverse user groups, reducing biases that previously resulted in inaccuracies for foreign
speakers. These applications highlight the versatility of synthetic data in fostering fairness across
various areas.

Numerous key metrics assess the effectiveness of synthetic data in reducing bias. Demographic
parity, examines whether model expectations are equally allocated across demographic groups,
which is especially important in areas like hiring and criminal justice, where equity is crucial. Another
important metric, equality of opportunity, ensures that individuals from different demographic
groups who meet certain standards are treated equally. These metrics help refine synthetic datasets,
improving model fairness and reliability, and providing a structured framework for evaluating
demographic equity.

In spite of these advantages, challenges remain in balancing fairness metrics, particularly in
complex applications where multiple biases intersect. Achieving both demographic parity and
equality of opportunity can be contradictory, necessitating a holistic approach that integrates
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synthetic data generation with rigorous metric assessments to continuously refine models. While
synthetic data plays a crucial role in advancing fairness, fully unbiased Al systems require a multi-
faceted strategy, combining data augmentation and algorithmic debiasing with synthetic data to
promote inclusive and reliable Al systems.

Quality and Validation of Synthetic Data

Evaluating the quality and effectiveness of synthetic data is essential for ensuring reliable Al
performance and fair outcomes. Key quality metrics—fidelity, accuracy, and representational
diversity —are fundamental for reviewing how well synthetic data matches real-world datasets.
Fidelity, which measures the similarity between synthetic and real data, is crucial in areas such as
autonomous driving and medical diagnostics, where realistic data is necessary for accurate training.
Fidelity is usually assessed by comparing statistical properties like means and variances between
synthetic and real datasets. Accuracy, which reflects the precision of synthetic data, is equally
important in predictive applications, as it indicates how closely models trained on synthetic data
perform compared to those trained on actual data. Representational diversity, which guarantees
synthetic datasets encompass a broad demographic range, addresses underrepresentation and
promotes more inclusive Al decisions.

Multiple empirical and statistical techniques are employed to authenticate synthetic data.
Statistical analysis, such as the Kolmogorov-Smirnov and Chi-square tests, are frequently used to
assess the consistency between feature distributions in synthetic and real data. Real-world
comparisons, where Al models trained on both synthetic and real data are evaluated using a shared
test set, offer practical insights into the usefulness of synthetic data. This approach, specifically
relevant when synthetic data serves as a substitute or complement to real data, demonstrates its
effectiveness in real-world scenarios. Furthermore, domain-specific evaluations strengthen the
validation process, as subject-matter experts assess the accuracy of synthetic data within particular
fields. In healthcare, for instance, medical professionals may examine synthetic patient data to ensure
it reflects clinically relevant patterns, thereby elevating its suitability for diagnostic purposes.

Difficulties persist in generating high-fidelity synthetic data that accurately reflects real-world
complexities. Although generative models are advanced, they frequently struggle to capture the
complex, high-dimensional patterns found in fields like medical imaging and geospatial analysis.
These limitations can impede model performance in practical applications, where even small
discrepancies in data fidelity can affect outcomes. Additionally, synthetic data can reproduce biases
present in training data, thus perpetuating demographic or contextual biases, especially when
derived from biased datasets.

To tackle these challenges, studies researchers are increasingly advocating for hybrid
approaches that combine synthetic and real data, aiming to leverage the diversity of synthetic data
while maintaining the accuracy of real-world data. This strategy underscores the necessity for robust
validation methods and ongoing enhancements in quality metrics as synthetic data becomes a crucial
component of Al

Ethical and Regulatory Considerations

Synthetic data has gained spotlight as a privacy-preserving solution that aligns with regulatory
guidelines such as GDPR, CCPA, and the EU Al Act. These structures impose stringent controls on
data collection, storage, and processing to safeguard individual privacy. For example, GDPR requires
strict handling of personally identifiable information (PII), mandating data minimisation or
anonymisation. Synthetic data complies with these standards by offering a non-identifiable
alternative that minimises PII exposure and reduces the risk of data breaches. Similarly, the CCPA
emphasises consumer rights over personal data, reinforcing synthetic data's role in generating
functional datasets without compromising privacy. The EU Al Act further strengthens these privacy
standards by establishing structures for the use of synthetic data in sensitive applications, promoting
data privacy while supporting ethical AI development.

In spite of its privacy benefits, synthetic data introduces ethical challenges, especially regarding
bias transfer. If the original datasets lack diversity, clarify data may acquire or even exacerbate
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existing biases, creating risks in fields like criminal justice and healthcare, where biased data could
harm marginalised groups. Without rigorous oversight, synthetic data could perpetuate societal
biases, sabotaging fairness in Al applications. Even synthetic data created for representational
fairness may inadvertently reinforce existing biases if generated from flawed source data,
highlighting the need for strong regulation to ensure ethical data techniques.

Human-in-the-loop (HITL) systems have become a key approach to mitigate these risks,
allowing experts to monitor and address biases in synthetic data pipelines. The HITL systems provide
expert oversight at multiple stages, incorporating human judgment to identify biases that automated
systems might miss. These frameworks involve domain experts assessing demographic
representation and fairness, adjusting generation parameters to correct any biases detected.
However, HITL systems are resource-demanding and encounter difficulties in establishing universal
fairness standards. Striking a balance between automation and HITL oversight will be crucial for
promoting ethical and responsible synthetic data practices in bias-sensitive Al applications.

Comparing Synthetic Data with Real and Augmented Data

Analysing synthetic, real, and augmented data unveils distinct advantages and drawbacks,
particularly in bias-sensitive Al applications. Real data, sourced from actual events, provides
unparalleled authenticity and reflects complex social patterns. Nevertheless, it is frequently
constrained by privacy regulations, such as GDPR, and demographic imbalances that can perpetuate
biases in AI models. Augmented data, which is generated by applying modifications like rotation or
noise to existing datasets, enhances the instability of real data but remains reliant on the differences
of the source data, thus preserving any inherent biases.

On the other hand, synthetic data, created algorithmically, allows for the incorporation of
diverse demographic features without compromising privacy. Synthetic data is particularly
beneficial in facial recognition, where balanced demographic representation is crucial for fairness.
Research has demonstrated that synthetic data can enhance model fairness and precision by
addressing the underrepresentation of certain groups, as seen in areas like healthcare and facial
recognition. Nevertheless, synthetic data may lack the fine-grained details present in real data, which
could affect tasks dependent on subtle contextual cues, such as automated driving, where real or
augmented data might better capture essential environmental nuances.

Hybrid approaches, which combine synthetic, augmented, and real data, are increasingly
recognised as effective strategies for creating balanced datasets. By integrating the authenticity of real
data, the variability of augmented data, and the demographic balance of synthetic data, hybrid
datasets offer a thorough solution for mitigating bias. This approach is especially beneficial in
applications such as customer service, where real engagements provide context and synthetic data
fosters cultural inclusivity. Yet, managing these different data sources presents complexities and
necessitates advanced tools for data integration and quality verification. As hybrid datasets become
increasingly common, creating standardised structures for combining and verifying these data types
will be crucial to ensuring fairness and dependability in bias-sensitive Al applications, signalling a
broader shift in Al advancement regarding ethical data practices and tactics for handling bias.

Methodology

This study employs a quantitative approach to assess synthetic data's role in reducing Al model
bias. It is structured around three objectives: evaluating data generation techniques, analysing bias
mitigation, and assessing synthetic data quality. Three datasets —UCI Adult, COMPAS Recidivism,
and MIMIC-III Clinical —were selected for their demographic attributes, with fairness, fidelity, and
performance metrics guiding analysis.

For synthetic data generation (Objective 1), the UCI Adult Dataset was used with Generative
Adversarial Networks (GANSs) to replicate demographic features. In GANs, a generator GGG and
discriminator DDD optimise data realism through a minimax game. Kullback-Leibler Divergence
(KL Divergence) measures distributional similarity, while the Inception Score (IS) evaluates diversity.
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For bias mitigation (Objective 2), the COMPAS Dataset was used, emphasizing demographic balance
in race and gender for recidivism predictions. Logistic regression

was trained on synthetic data, with Demographic Parity:

P(A=1)=P(A=0)
and Equality of Opportunity:
P(Y=1,4=1)=P( =1,A=0)

as fairness metrics.

Lastly, the MIMIC-III Clinical Database tested fidelity and diversity (Objective 3). Fidelity was
assessed with the Kolmogorov-Smirnov (KS) test:

D =| Freqi(x) — F_'s'yn(x) |
Meanwhile, representational diversity across demographic variables confirmed balanced
representation. Model predictive power was compared using Accuracy and AUC-ROC where high
AUC values indicated strong performance and demographic fair ess across predictions.

Results

(1) Evaluation of Synthetic Data Generation Techniques

To assess the effectiveness of GAN-generated synthetic data in replicating the demographic
characteristics of the UCI Adult Dataset, the Kolmogorov-Smirnov (KS) test was applied to
continuous data (age) to measure distributional similarity, and KL Divergence was calculated for
categorical features (gender, race, education, and income level) to evaluate alignment with the
original dataset. Additionally, the Inception Score (IS) assessed the diversity within the synthetic
samples, ensuring a broad representation of demographic characteristics. For categorical features
(Gender, Race, Education, and Income Level), KL Divergence values are consistently low. Gender
achieved a KL Divergence of 0.000, indicating an almost perfect match with the original data, while
Race, Education, and Income Level have divergence values of 0.0004, 0.0028, and 0.0023, respectively.
These low values demonstrate minimal divergence between synthetic and original distributions,
underscoring the GAN's capability to replicate demographic balance across features.

(2) Analysis of Bias Mitigation through Synthetic Data

To evaluates the effectiveness of synthetic data in mitigating bias within models trained on the
COMPAS Recidivism Dataset. Key fairness metrics, including Demographic Parity and Equality of
Opportunity, were calculated for both race and gender to determine the extent to which synthetic
data reduces bias. Model performance metrics (Accuracy and AUC-ROC) are also assessed to ensure
predictive power is maintained. Similarly, Equality of Opportunity scores show improvement when
synthetic data is used. For race, the Equality of Opportunity score increases from 0.65 in the original
data to 0.83 in the synthetic dataset, while for gender, the score rises from 0.66 to 0.84. These gains in
fairness metrics demonstrate that synthetic data contributes positively to ensuring equitable
outcomes across demographic groups, aligning with the goal of bias mitigation.

(3) Assessment of Quality and Fairness of Synthetic Data

To assess the quality and fairness of synthetic data generated from the MIMIC-III Clinical
Database, key metrics were evaluated, including fidelity (measured by KS Test values across age,
gender, and ethnicity), accuracy, and representational diversity, which examines the demographic
balance within the synthetic data. The Accuracy scores are comparable for both datasets, with the
original dataset scoring 0.88 and the synthetic dataset achieving 0.87. This minimal difference
suggests that the synthetic data effectively preserves predictive performance, ensuring that quality is
not compromised in the generation process. Representational Diversity scores across age, gender,
and ethnicity are close in value for both datasets. For example, gender diversity is 0.78 in the original
data and 0.77 in the synthetic data, indicating that the synthetic data maintains demographic balance
effectively, crucial for achieving fair outcomes in healthcare applications.
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Discussion

The results of this study underscore the potential of synthetic data as a strategic tool to address
biases in Al model training, aligning with a growing body of literature that advocates for synthetic
data’s role in creating fairer and more inclusive Al systems. In the evaluation of synthetic data
generation techniques which is the major focus of objectives one, the findings showed that the GAN-
generated synthetic data maintained demographic alignment with the original UCI Adult Dataset, as
evidenced by the Kolmogorov-Smirnov (KS) test and low KL Divergence values across key
demographic features. The high Inception Score across all features further demonstrated diversity
within the synthetic samples, essential for ensuring representational inclusivity in model training.
These findings resonate with previous studies, which highlight GANSs’ effectiveness in replicating
real-world distributions and maintaining demographic representation within synthetic datasets.

Moreover, in the analysis of bias mitigation through synthetic data, the focus of objectives two,
synthetic datasets trained on the COMPAS Recidivism Dataset showed considerable improvements
in fairness metrics, including Demographic Parity and Equality of Opportunity, without
compromising model performance. Demographic Parity scores increased significantly for both race
and gender, and similar trends were observed in Equality of Opportunity, which is critical in
minimizing outcome disparities across groups. These results align with existing research that
suggests synthetic data can support fairer outcomes by achieving demographic parity across sensitive
attributes. Notably, accuracy and AUC-ROC scores were nearly identical for models trained on
synthetic versus original datasets, demonstrating that the fairness improvements did not come at the
expense of predictive performance, which concurs with prior studies that emphasise synthetic data’s
capability to retain model accuracy.

Further analysis in the assessment of quality and fairness of synthetic data, the main focus of
objectives three validated the synthetic data’s fidelity, representational diversity, and accuracy when
compared to the original MIMIC-III Clinical Database. KS Test values for age, gender, and ethnicity
were notably low, with marginal differences from the original dataset, indicating robust fidelity —a
result consistent with findings from prior research that posits synthetic data’s ability to mirror
complex real-world distributions accurately. The minimal difference in accuracy between synthetic
and original datasets (0.87 vs. 0.88) reinforces the efficacy of synthetic data in healthcare applications
where predictive precision is paramount, aligning with existing literature that advocates for synthetic
data’s potential to maintain model performance in critical domains such as healthcare and
autonomous systems.

Notably, the study’s results align with ethical and regulatory frameworks that prioritise fairness
and accountability in Al systems. The data preservation of demographic diversity aligns with
principles outlined in GDPR, CCPA, and the EU Al Act, which mandate ethical and equitable Al
practices. Synthetic data’s compliance with these regulations is further validated by the ability to
maintain balanced representation across demographic groups without infringing on privacy—a
priority in sensitive fields like criminal justice and healthcare, where privacy risks and demographic
biases can hinder fairness. The alignment with regulatory frameworks in this study reflects a broader
trend noted in previous research, advocating for synthetic data as a viable alternative to real-world
data in bias-sensitive domains.

These findings support the broader argument that synthetic data can be an effective solution to
demographic imbalances, provided that its generation and validation processes are conducted with
rigor. Recent studies highlight the need for human-in-the-loop (HITL) systems to oversee data
generation and mitigate residual biases, a point reinforced by the consistency observed across
demographic features in the current study. Human oversight remains a critical component,
particularly in applications where demographic nuances are essential for accurate and fair
predictions. The synthetic data’s success in balancing fairness metrics and fidelity without
significantly impacting model accuracy reinforces the utility of synthetic data as an equitable solution
in Al training..
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Conclusions

This study demonstrates the efficacy of synthetic data in mitigating bias within AI model
training whilst maintaining performance standards. The empirical analysis across three datasets—
UCI Adult, COMPAS Recidivism, and MIMIC-III Clinical—reveals that GAN-generated synthetic
data successfully replicates demographic characteristics whilst improving fairness metrics. Notably,
Demographic Parity and Equality of Opportunity scores showed marked improvement for both race
and gender attributes, with minimal impact on model accuracy. The findings indicate that synthetic
data can effectively address demographic imbalances without compromising predictive
performance, achieving KL Divergence values below 0.003 for categorical features and comparable
accuracy scores (0.87 versus 0.88) between synthetic and original datasets.

These results hold significant implications for Al development, particularly in bias-sensitive
domains such as healthcare and criminal justice. However, the study acknowledges that successful
implementation requires rigorous validation protocols and human oversight. Future research should
explore the integration of human-in-the-loop systems to enhance the quality and fairness of synthetic
data generation. The findings support synthetic data as a viable solution for developing more
equitable Al systems, particularly within regulatory frameworks emphasising fairness and privacy.
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