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Abstract—Synthetic healthcare data generation offers a promis-
ing solution to research limitations in clinical settings caused by
privacy and regulatory constraints. However, current synthetic
data generation approaches require specialized knowledge about
training generative models and require high computational
resources. In this paper, we propose FairTabGen, an LLM-
based tabular data generation framework that produces high-
quality synthetic healthcare data using only a small subset of
the original dataset. Our method combines in-context learning,
prompt curation and embedding structural constraints for data
synthesis. We evaluate performance on MIMIC-IV dataset. Our
method uses 99% less data and achieves a 40% reduction in
fairness through unawareness while better capturing the real-
data distribution. However, we observe data distribution of racial
groups is skewed affecting demographic parity. We thereafter
apply bias mitigation algorithms to improve overall fairness,
balancing fidelity and fairness and paving for way for synthetic
data generation with limited samples.

Index Terms—synthetic data, tabular health data, counterfac-
tual fairness, bias mitigation

I. INTRODUCTION

Real-world health datasets are prone to systemic biases
through protected attributes such as gender, age and race
[L]. These biases arise from a multitude of factors including
limited health access for certain demographic groups and use
of biased clinical proxies [2l]. While current evaluation relies
on evaluating predictive performance of machine learning
models, high accuracy alone is not sufficient since it can
negative impacts on vulnerable groups. Therefore, there is
a need to assess data fairness to ensure equitable health
outcomes [3]. Advances in generative models such as generative
adversarial networks (GANs) [4] have enabled high-fidelity data
generation across multiple domains. Further, large language
models (LLMs) are being used as data generators in tabular
settings [5]] enabling data augmentation at a larger scale.
Synthetic data serves as a mechanism to mitigate bias by
imposing fairness constraints in the data generation process
in addition to algorithmic approaches for in-, pre- and post-
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processing techniques [6, [7]. Current efforts for synthetic
data generation [8, |9] rely on extensive data curation and
training generative models which are time consuming and
require high computational resources. The challenge therefore
is to generate synthetic data that captures underlying data
characteristics without further amplifying biases in resource
constrained settings. We seek to answer how to generate
synthetic data that retains predictive utility while remaining fair
across sensitive attributes using limited data samples. In this
work, we propose FairTabGen, a prompt-based framework
that leverages Large Language Models (LLMs) to synthesize
fair, high-utility tabular health data under resource constraints.
Our contributions are as follows:

« We present a method to generate tabular synthetic data
using curated prompts that incorporate utility and fairness
constraints without extensive fine tuning.

o We evaluate this approach across multiple metrics in-
cluding counterfactual fairness, predictive utility and bias
mitigation metrics.

o We demonstrate the effectiveness of our method on the
MIMIC-IV dataset, showing comparable fairness using
99% 1less source data while maintaining competitive
predictive utility.

II. METHODOLOGY

Objective. The goal is to generate synthetic data that is
matches the distribution to the original data while satisfying
fairness constraints for protected attributes and target outcome.

Fairness-aware synthetic data generation. Our method-
ology implements a modular framework for high-fidelity and
fairness-aware tabular data synthesis, illustrated in Figure [I]
It comprises four stages — first being data curation and pre-
processing to extract high-quality seed samples, followed by
synthetic data generation through prompt curation, in-context
learning and constraint operationalization which then feeds into
the multi-dimensional utility and fairness evaluation module
and eventually bias mitigation, in which we compare four
bias mitigation strategies and retain the one whose fairness
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Fig. 1: FairTabGen pipeline on the MIMIC-IV case study. Curated seed data is tagged with structural-causal roles (X sensitive,
Z confounders, W mediators, Y outcome) and supplied in-context to a frozen LLM under structural constraints; synthetic data
is assessed under train-synthetic—test-real for utility (precision, recall, AUROC) and counterfactual fairness (FTU, DP); and
residual bias is reduced by four pre-processing algorithms (SUP, CoR, DIR, RW), with the composite fairness score used to
select the strategy whose deviation from the real baseline is smallest.

profile deviates least from the real-data baseline. To address
systemic disparities, we apply four bias mitigation strategies
prior to downstream model training [[10] including Suppression
(SUP), Correlation Remover (CoR), Disparate Impact Remover
(DIR) and Reweighing (RW). SUP achieves fairness through
unawareness by excluding sensitive attributes from the feature
set, CoR applies a linear transformation to remove sensitive
attributes and their correlations with non-sensitive features, DIR
edits feature values so distributions are similar across groups
while preserving rank-order, and RW assigns instance weights
by group membership and label to neutralize dependencies.

Prompt curation We leverage an existing prompt structure
[9] to integrate curate data samples and supply it to a large
language model for data synthesis. The components of the
prompt and accompanying contents are elucidated in Table [I|

Data Synthesis and Training. We adopt the Train Synthetic,
Test Real (TSTR) paradigm [[10]. By training predictive models
on generated data and validating them against a held-out test
set from the original sample, we can assess robustness of data
quality while satisfying fairness constraints.

Utility Metrics. We use area under the receiver operating
curve (AUROC) to measure utility, which is a combination
of precision and recall [L1]. Precision quantifies how realistic
the synthetic data is by calculating the fraction of synthetic
points that reside within the manifold of the real data. Recall
measures the diversity of the generated data by calculating the
fraction of real data points that fall within the manifold of the
synthetic distribution. A higher value of AUROC indicates that
the synthetic data and real have have similar distributions.

Counterfactual Fairness. We compute counterfactual fair-
ness [12] through Fairness Through Unawareness (FTU) and
Demographic Parity (DP). FTU asserts that a model is fair if
its prediction remains constant when the protected attribute is
interchanged. Ideally, this value approaches zero. DP measures
the independence of the prediction and the protected attribute,
calculated as the absolute difference in positive prediction rates
between groups.

TABLE I: Structure of the synthetic-data generation prompt.
Blue tokens are dataset-specific placeholders instantiated per
dataset.

Component Content

System role  You are a tabular synthetic data generation
model. You are a synthetic data generator. Your
goal is to produce data which mirrors the given
examples in causal fairness within a structural
causal model (SCM) framework and feature
and label distributions but also produce as
diverse samples as possible. I will give you
real examples first.

Assign roles:

Leverage your knowledge about healthcare
and causal fairness to generate realistic but
diverse samples. Generated data should consider
I{Sensitive Features}| as the sensitive attribute
(X), l{Confounders}!| as the confounders (Z),
|{Dataset Label}| as the target variable/Outcome
(Y), and the rest of the features as the mediator
attribute (W). Generated data must be structured
to allow evaluation of fairness through causal
pathways, capturing both direct and indirect
effects of the sensitive attribute on the target
variable, as well as possible confounding influ-
ences.

The output should be a markdown code snippet
formatted in the following schema: [{Header}|
I{In-context Samples}I

DO NOT COPY THE EXAMPLES but gen-
erate realistic but new AND diverse samples
which have the correct label conditioned on the
features.

Context

Output

Example
Constraint

Composite Fairness. To provide a comprehensive assess-
ment of fairness, we utilize metrics that evaluate both predictive
quality and the disparity between groups. ABROCA (Area Be-
tween ROC Curves) quantifies the divergence between the ROC
curves of different demographic groups, where a value closer
to zero indicates higher fairness [13]. The True Positive Rate
Difference (TPRD) measures the gap in the ratio of correctly
identified positive cases between the protected and unprotected



TABLE II: Data quality and counterfactual fairness evaluation across real and synthetic datasets. 1 indicates higher is better, |

indicates lower is better.

Dataset Method Data Quality 1 Counterfactual Fairness |
Prec. Recall AUROC FTU DP
Original 0.701 £ 0.006 0.647 £ 0.006 0.851 £ 0.003 0.042 £ 0.003 0.065 £ 0.013
MIMIC-TV DECAF[8] 0.670 £ 001 0.600 £ 002 0.816 + .001 0.097 £ 0.001 0.012 £ 0.001
CLLM[9] 0.684 £ 0.005 0.736 £ 0.002 0.639 £ 0.001 0.081 £ 0.002 0.024 £ 0.001
FairTabGen  0.905 = 0.003 0.969 + 0.008 0.644 +=0.003 0.025 £ 0.003 0.001 &+ 0.005

groups [[14], while the Error Rate Difference (ERD) captures the
disparity in overall misclassification rates, providing insight into
whether one group bears a disproportionate burden of model
error [[15]. We normalize these metrics into a single composite
fairness score [[10], where values closer to one indicate higher
fairness. We evaluate the synthesized data on three fronts:
counterfactual fairness (FTU, DP), distributional fidelity and
downstream utility (precision, recall, AUROC), and residual
bias after applying the four bias mitigation strategies, scored
by ABROCA, TPRD, and ERD.

Experimental Setup. We implement our framework in
Python and PyTorch and orchestrate synthetic data using the
OpenAl API using gpt —40 model [16]. We set the temperature
to 0.90 and top-p sampling to 0.95. We generate 100 samples
per batch to account for context window limitations. We
perform intial experiments and data curation on an Intel Core
i7-10700K CPU with 16 GB. For training classifiers and data
generation at scale, we use the NVIDIA RTX 3090 and 4090
GPUs hosted on an Ubuntu-based environment. We reproduce
baselines [[8, 9] to ensure comparative analysis.

III. RESULTS

Dataset and Preprocessing. We use MIMIC-1V [17]] for its
breadth of clinical features across a diverse population. From
the cohort of 418,640 records we extract 200 seed rows as
in-context samples and impute missing values.

Prompt attributes. The roles of clinical variables are defined
based on the standard fairness model [[18] and is outlined below.
Prompts are processed in batches of 100 over five independent
runs.

o Sensitive Attribute ( X): race (binarized to White and
Black/African American).

o Confounders (Z): age and gender, which influence
both and the outcome.

o Mediators (W): 23 clinical features including the Charl-
son Comorbidity Index, elective status, and 20 frequent
diagnostic codes (e.g., ICD codes for heart failure, hyper-
tension, and diabetes).

o Target Outcome (Y): Length of Stay (Los_seconds),
binarized at a 4-day threshold (345600 seconds).

e The header represents list of all the features and 200
in-context samples are considered. The prompts
are processed in batches of 100 samples to accommodate
context window limitations and optimize token throughput.
To ensure statistical reliability, all experiments are repeated
across five independent runs.

Data Distribution and Representation. The original data
is skewed towards the majority racial group while gender is
relatively balanced. In our synthesis, the generated data for
the majority racial group decreased by 30.27%, while the
representation for the minority group increased by 30.75%.
In contrast, gender distribution remained highly consistent
with less than 1% variation between male and female groups.
While racial representation in generated samples is balanced
across groups under consideration, the ensuing results should
be interpreted within this context.

Utility and Counterfactual Fairness Analysis. We compare
FairTabGen against a GAN-based [8] and an LLM-based [9]]
generator. In Table |lI} precision and recall measure distribu-
tional fidelity, indicating how well synthetic samples occupy,
and cover, the real-data manifold [11]), whereas AUROC
measures the downstream predictive ranking under the train-
synthetic—test-real (TSTR) protocol with an XGBoost classifier.
FairTabGen attains the highest fidelity, indicating synthetic
samples that are both realistic and diverse, while DECAF
yields the highest downstream AUROC among generators. Thus
DECAF better preserves the global decision boundary, whereas
FairTabGen more faithfully reproduces the real-data distribution.
On counterfactual fairness, FairTabGen achieves the lowest
FTU and DP of all methods, supporting its use for training
downstream clinical models.
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Fig. 2: Signed deviation from the real-world baseline (A =
Method — Real) across mitigation strategies; the dashed line
marks A = 0. Each panel is scaled to its own metric.

Bias Mitigation and Composite Fairness. We assess four
bias mitigation strategies including supression, correlation
removal, disparate impact removal and reweighing on individual



and composite fairness metrics. Figure 2] shows the signed
deviation (A) of each method from the real-world baseline.
For CoR and RW, FairTabGen shows very limited deviation in
ERD and TPRD. On composite fairness, FairTabGen exhibits
the smallest overall deviation from the real baseline and
consistently outperforms the GAN baseline, though LLM-
based method is marginally closer for DIR and RW individual
strategies.

IV. DISCUSSION

FairTabGen generates fair tabular synthetic data with a frozen
LLM under structural constraints, using less than 1% of the
source data while achieving fairness gains and maintaining
distributional fidelity. Across the four bias-mitigation strate-
gies, its composite fairness deviates least from the real-data
baseline overall, supporting the use of such data for training
clinical models. Despite these promising results, our work
has limitations. The data distribution across racial groups is
skewed and does not capture the full range of clinical features.
Moreover, reliance on black-box models limits reproducibility
in clinical environments. To address these, we aim to extend the
framework across multiple baselines and datasets, incorporate
open-source models, and generate data at larger scale. By
doing so, we contribute an extensible, lightweight framework
for synthetic data generation.
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