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Abstract

Objective: This study evaluates the performance of 7 synthetic data generation (SDG) methods—synthpop, avatar, copula, copulagan, ctgan,
tvae, and the large language models-based tabula—for supporting pharmacogenetics (PGx) research.

Materials and Methods: \We used PGx profiles from 142 patients with adverse drug reactions or therapeutic failures, considering 2 scenarios:
(1) a high-dimensional genotype dataset (104 variables) and (2) a phenotype dataset (24 variables). Models were assessed for (1) broad utility
using propensity score mean squared error (PMSE), (2) specific utility via weighted F; score in a Train-Synthetic-Test-Real framework, and (3)
privacy risk as e-identifiability.

Results: Copula and synthpop consistently achieved strong performance across both datasets, combining low e-identifiability (0.25-0.35) with com-
petitive utility. Deep learning models like tabula and tvae trained for 10 000 epochs achieved lower pMSE but had higher e-identifiability (>0.4) and
limited gains in predictive performance. Specific utility was only weakly correlated with broad utility, indicating that distributional fidelity does not
ensure predictive relevance. Copula and synthpop often outperformed original data in weighted F; scores, especially under noise or data imbalance.
Discussion: \While deep learning models can achieve high distributional fidelity (pMSE), they often incur elevated e-identifiability, raising privacy
concerns. Traditional methods like copula and synthpop consistently offer robust utility and lower re-identification risk, particularly for high-
dimensional data. Importantly, general utility does not predict specific utility (F; score), emphasizing the need for multimetric evaluation.

Conclusion: No single SDG method dominated across all criteria. For privacy-sensitive PGx applications, classical methods such as copula and
synthpop offer a reliable trade-off between utility and privacy, making them preferable for high-dimensional, limited-sample settings.

Lay Summary

Pharmacogenetics (PGx) is the study of how a person’s genes affect their response to medications. Sharing real PGx data for research can raise
privacy concerns, especially when data samples are small or sensitive. One way to protect privacy is to use synthetic data—artificial data gener-
ated to mimic real data. In this study, we compared 7 methods for creating synthetic PGx data, including both traditional statistical approaches
and newer artificial intelligence (Al) models. We tested them on genetic and medical information from 142 patients who had side effects or
poor responses to medications. We evaluated each method in 3 ways: how well it preserves overall data patterns (broad utility), how well it sup-
ports accurate predictions in real-world tests (specific utility), and how much privacy risk remains (re-identification). Two traditional methods,
copula and synthpop, performed well overall. They created useful data while keeping privacy risks low. In contrast, some Al-based methods,
while better at copying data patterns, had higher privacy risks and only minor improvements in predictive performance. We found that good gen-
eral data quality does not always mean better predictions. For PGx research, especially when privacy matters, simpler methods like copula and
synthpop may offer the best balance between usefulness and safety.

Key words: artificial intelligence in healthcare; pharmacogenetics; genomic data; synthetic data; data privacy.

Background and significance platelet inhibition, increasing the risk of cardiovascular
events such as heart attacks and strokes. In such cases, alter-
native therapies or adjusted dosages are recommended to pre-
vent these adverse drug events.*

Several challenges impede the full implementation of PGx
in personalized medicine. A key issue is data scarcity, as PGx
research requires large, diverse datasets to identify genetic

Pharmacogenetics examines how an individual’s genetic
makeup affects their response to medications." By under-
standing genetic variations that affect drug metabolism, PGx
enables the development of personalized treatment plans that
optimize therapeutic outcomes, eg, maximize efficacy and

minimize adv?rse effects.z Fo.r exgmple, ip the case of clopi- 5 riants linked to drug responses across different popula-
dogrel, genetic testing can identify patients with reduced  tjons5 The availability of such data is constrained by the
CYP2C19 enzyme activity, which impairs the conversion of high costs and complexities of large-scale genomic studies.
clopidogrel into its active form.” This can lead to inadequate Additionally, privacy concerns further complicate data
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sharing and access.® Clinical PGx data is highly sensitive,
usually encompassing both genetic and medical information,
which increases the risks of re-identification and misuse if not
adequately protected. Strict regulations and ethical guidelines
governing patient data access create significant barriers to
research, limiting the availability of crucial information. Col-
lectively, these challenges slow the development and clinical
application of PGx findings, restricting their broader impact
on personalized medicine.

Synthetic data promise to address the key limitations of
PGx research. Generated through advanced algorithms like
generative adversarial networks (GANs) or variational
autoencoders, synthetic data can mimic real patient data
while preserving privacy by eliminating direct ties to individ-
uals.” This approach allows researchers to generate diverse,
large-scale datasets that are representative of broader popula-
tions, improving model generalizability and reducing biases
associated with underrepresented groups.® Moreover, syn-
thetic datasets can be tailored to specific research needs, ena-
bling simulation studies and hypothesis testing that would
otherwise be infeasible.” It is often unclear whether synthetic
data can truly replace original data in such a way that similar
or even better results are achieved.

Previous applications of synthetic data in healthcare have
demonstrated its potential across multiple domains, including
research advancement and patient privacy protection.'® Vari-
ous methods for generating synthetic genomes have been devel-
oped, utilizing diverse sources of information such as
haplotype data,'! demographic details, and recombination pat-
terns.'? More sophisticated approaches, including deep learn-
ing techniques like GANs and restricted Boltzmann machines
(RBMs), have successfully produced synthetic genomic data
that preserves population structure and variant frequency fea-
tures.” A recent study by Oprisanu et al evaluated the utility
and privacy of these synthetic data generation (SDG) methods,
indicating that recombination-based approaches offer high
utility but low privacy, while RBMs present a balanced trade-
off."” In general, generating data distributions that closely mir-
ror real data can make individual data points susceptible to
membership inference attacks."*

The dependency structure among individual genetic markers
is often highly intricate, making the use of advanced SDG tech-
niques particularly promising for addressing key challenges
such as missing data and class imbalances." This is not a new
development, as synthetic data have been produced for genetic
research for several years.'®!” What is novel, however, is the
application of deep learning techniques capable of learning
entire data distributions so effectively that they can even yield
superior results compared to original datasets. Nonetheless,
maintaining all statistical properties of real genomic data
remains challenging, despite the synthetic data statistically mir-
roring real data. Furthermore, this approach is susceptible to
membership inference,'® Additionally, synthetic data, although
highly realistic, can still introduce biases and errors, such as
mode collapse or distributional shift."”

In the field of PGx, the adoption of SDG techniques has
lagged significantly behind other research domains, such as
oncology.?” There is one notable exception, a study investi-
gating a single gene, CYP3AS (cytochrome P450 enzyme
3AS5), utilizing a restricted set of variables.® While this study
demonstrates the feasibility of synthetic data for specific use
cases, its scope is insufficient to derive generalizable insights
into the efficacy and applicability of various SDG methodolo-
gies for broader PGx research.
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Objective

The objective of this article is to assess the potential of syn-
thetic data in advancing PGx research by evaluating the fol-
lowing SDG  methodologies:  synthpop,”!  avatar,®**
copula,”® copulagan,®* ctgan,® tvae,”’ and tabula for large
language models (LLMs),>®?7 the latter of which leverages
distilled GPT-2 by default. Our primary focus lies in analyz-
ing the effectiveness of these techniques in high-dimensional
settings that mirror the complexity of PGx datasets. Through
this comprehensive evaluation, we aim to provide actionable
insights for PGx researchers and practitioners, offering
evidence-based recommendations for selecting the most suit-
able SDG methods. By bridging the current methodological
gap, this study seeks to enhance the integration of synthetic
data into PGx workflows, thereby facilitating innovation in
personalized medicine.

Materials and methods
Real-world data basis: a Swiss PGx cohort

The dataset used in this study originates from a PGx case ser-
ies conducted between 2019 and 2021 at primary and secon-
dary care centers in Switzerland (ClinicalTrials.gov ID:
NCT04154553).% The study population included 142 adult
patients referred due to adverse drug reactions (ADR) or ther-
apy failures from a drug therapy, suspecting a potential drug-
gene interactions (DGI). Patients underwent PGx testing
using a commercial panel covering over 100 genetic variants
across 30 genes, that are involved in the pharmacokinetic and
pharmacodynamic processes of PGx relevant drugs. Collected
data encompassed patient demographics, clinical diagnoses
coded according to the ICD-10 classification, number of pre-
scribed medications, suspected medication for DGI, and PGx
testing results. Results of PGx testing are available as geno-
types and genotype-predicted phenotypes. Following PGx
analysis, a structured medication review yielded personalized
therapeutic recommendations for patients and their physi-
cians. Six months later, follow-up interviews assessed medi-
cation changes. The dataset represents a diverse clinical
population, primarily with mental and behavioral disorders
(61%), musculoskeletal, and circulatory system conditions.

To generate synthetic data, we consider the 2 detail levels:
(1) High-dimensional genotypic data, which involves a dataset
at the granularity of individual genetic variants per gene. For
example, variants such as rs10509681 in CYP2C8 (A > G) and
rs11572080 in CYP2C8 (G > A) are included, resulting in a
total of 104 variables. This dataset is referred to as the
“genotype” dataset. (2) Phenotypic data covering containing
phenotype information without direct inclusion of genetic var-
iants. This dataset is referred to as the “phenotype” dataset
and consists of 24 columns.

In the preprocessing stage, minimal alterations were made
to preserve the integrity of the dataset. The “changedDrug”
column was truncated to generalize each drug entry from the
chemical substance level to the pharmacological subgroup
level, following the Anatomical Therapeutic Chemical classi-
fication (ATC) system. Additionally, identifying columns
such as “id” were removed to ensure anonymization. No
handling of missing values or outliers was necessary, as the
dataset was already cleansed when received.
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Synthetic data generation methods

We employ a range of traditional, statistically grounded SDG
methods. Synthpop models conditional feature distributions
using techniques such as CART, effectively handling mixed
data types. Copula-based models generate multivariate data
by combining marginal distributions with dependency struc-
tures, primarily for continuous variables, with categorical
data accommodated via transformations (eg, one-hot or ordi-
nal encoding). The avatar method synthesizes data by resam-
pling in a PCA-reduced latent space: data are standardized,
embedded via PCA, and each point’s k& + 1 nearest neighbors
are identified. Synthetic samples are generated through
inverse-distance-weighted combinations of neighbor embed-
dings, with added exponential noise to preserve local struc-
ture and enhance variability. Avatar’s integration of PCA and
KNN enables efficient synthesis of high-dimensional, hetero-
geneous data.

As deep learning based generative models, we employ cop-
ulagan, ctgan, tabular variational autoencoder (tvae), and the
LLM-based tabula. Copulagan integrates copula-based mar-
ginal modeling with ctgan to better handle mixed data types.
Ctgan uses conditional GANs with mode-specific normaliza-
tion to model imbalanced and high-cardinality categorical
data. Tvae applies variational autoencoders to learn nonlin-
ear dependencies via latent representations. Tabula treats
tabular data as sequences, training a transformer-based lan-
guage model from scratch to generate data via next-token
prediction. Efficiency is enhanced through sequence compres-
sion and optional middle padding. While the distilled GPT-2
model used in Tabula does not meet the >1B parameter LLM
threshold, we refer to it as LLM-based for simplicity.

We implement copula, copulagan, ctgan, and tvae using
the Synthetic Data Vault (SDV) library.?” Synthpop is run in
its native R environment for stability and full functionality.
Avatar is reimplemented in Python, adapted from the simpli-
fied R version by Woillard et al,® based on the original speci-
fication by Guillaudeux et al.*> For Tabula, we build on the
open-source Python implementation by Zhao et al.?’

Utility and privacy measures

To evaluate the quality of the synthetic data, we employ 3
key metrics. First, we employ the Train-Synthetic-Test-Real
approach, where models are trained on synthetic data and
evaluated on original data, using the weighted F; score as the
primary measure (1). Specifically, the original dataset is split
into 80% training and 20% testing subsets. The SDG meth-
ods are trained on the 80% training split, and an equivalent
amount of synthetic data is generated. Models trained on this
synthetic data are then evaluated against the original 20%
testing set. The weighted F; score obtained from models
trained and tested on the original data is included as a refer-
ence, shown as a dashed line in the result visualizations.
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Second, we calculate the propensity score mean squared
error (pMSE), as given in (2). Computed based on a CART
classifier, pMSE is particularly suitable for this context, as it
frames the problem as a classification task where poor classi-
fication performance is ideal—meaning synthetic records are
indistinguishable from real ones. Lower pMSE values

indicate better utility.>” When generating the same number of
synthetic records as in the original data, the maximum pMSE
value is 0.25; we normalize this value to rescale the metric
between 0 and 1.
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Third, we assess the re-identification risk of synthetic data
using the concept of e-identifiability (3).>' This metric
assesses the probability that a given record, denoted as in the
original dataset has a smaller (weighted) distance to its near-
est synthetic counterpart 7; than to its nearest original obser-
vation, r; where € represents the threshold for closeness. The
underlying principle is that lower uncertainty results in higher
identifiability. In summary, a synthetic dataset D is e-identifi-
able from the original dataset D if the following condition
holds (6 is the indicator function):

N
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Evaluation design

We perform 100 independent sampling iterations for each
SDG method and each fixed hyperparameter combination to
robustly assess stochastic variability due to the inherent ran-
domness of the algorithms. This procedure ensures that our
analysis separates algorithmic robustness from the influence
of hyperparameter tuning. Detailed results, including box-
plots showing the variability across runs, are presented in
Supplementary Material S3.

For deep learning-based methods, we evaluate 3 training
epochs (300, 1000, and 10 000) on both genotype and pheno-
type datasets, using a constant batch size of 500. For LLMs,
the batch size is consistently set to 64. Thus, across both
datasets, training epochs vary systematically, while batch
sizes are held constant to enable meaningful comparison.>?

For Avatar, which does not depend on training epochs or
batch sizes, we systematically explore key hyperparameters
by varying the number of nearest neighbors (k) and the
dimensionality reduction settings (PCA) across both datasets,
following established practices in the literature.®>* Specifi-
cally, we evaluate k=35, 10, 15 combined with 45 and 104
PCA components for the genotype dataset, and with 20 and
24 PCA components for the phenotype dataset. Notably, the
lower number of PCA components were chosen to capture
95% of variability in the data, ensuring that most of the orig-
inal variance is retained even with reduced dimensionality.

However, integrating these variants into the same plots
used for epoch-based deep learning models would conflate
fundamentally different parameter types and lead to mislead-
ing comparisons. To enable a clear and fair side-by-side eval-
uation in the main manuscript figures (Figures 1-3), we
therefore report results for a single representative Avatar con-
figuration. This configuration (k = 10 with no dimensionality
reduction) was selected through internal evaluation as the
best trade-off between privacy and utility, based on the geo-
metric mean computation of the metrics described below.

For synthpop, we use CART except for the first variable
which is sampled due to having no prior predictors. CART
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Figure 1. Relationship between broad utility (pMSE) and re-identification risk (e-identifiability) for synthetic datasets generated by 7 models on genotype
(left) and phenotype (right) datasets. Each marker represents a specific model-epoch combination, with shapes denoting models (avatar, copula,
copulagan, ctgan, LLM, synthpop, tvae) and colors indicating training duration (1, 300, 1000, or 10000 epochs). Axes are shared across panels to facilitate
direct comparison. Lower e-identifiability reflects smaller re-identification risk, while lower pMSE corresponds to greater broad utility.
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Figure 2. Relationship between specific utility (F}") and re-identification risk (e-identifiability) for synthetic datasets generated by 7 models on genotype
(left) and phenotype (right) datasets. Each marker represents a specific model-epoch combination, with shapes denoting models and colors indicating
training duration (1, 300, 1000, or 10000 epochs). Dotted vertical lines indicate baseline " scores (genotype: 0.259; phenotype: 0.230). Lower

e-identifiability reflects smaller re-identification risk, while higher F¥scores correspond to higher specific utility.
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Figure 3. Relationship between specific utility (F}") and broad utility ((MSE) for synthetic datasets generated by 7 models on genotype (left) and

phenotype (right) datasets. Each marker represents a specific model-epoch combination, with shapes denoting models and colors indicating training
duration (1, 300, 1000, or 10000 epochs). Dotted vertical lines indicate baseline F}Y scores (genotype: 0.259; phenotype: 0.230). Lower pMSE values
indicate greater broad utility, while higher Fy'scores reflect higher specific utility.

hyperparameters are set to default values. The predictor
matrix is left unmodified, ie, earlier variables are not excluded
as predictors for later ones. All these hyperparameter choices

reflect a calibrated privacy-utility trade-off and ensure compa-
rability across methods by harmonizing key optimization
parameters such as batch size and epoch count.
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We compute the utility (Fy, pMSE) and privacy metrics
(e-identifiability) for each SDG method and hyper-parameter
configuration and report their mean value across the 100
samples. Gini and permutation-based variable importance
(VIMP) scores are presented for the best- and worst-
performing methods, as determined by the geometric mean of
the 3 metrics, using the inverse of F}' to ensure a consistent
interpretation direction across all metrics, where higher val-
ues indicate poorer performance.

The evaluation experiments were conducted on a server
running Ubuntu 24.04 LTS and utilizing Cuda Toolkit 12.4
drivers. The hardware setup included 2 NVIDIA H100 PCle
80GB graphics cards, 2 Intel Xeon Silver 4416+ processors,
and 1 TB of RAM.

Results

Figure 1 illustrates how SDG methods balance e-identifiabil-
ity (privacy risk) against broad utility (pMSE) across geno-
type and phenotype datasets. Traditional methods that do
not involve epoch-based iterative training (synthpop, copula,
avatar) are shown in red (epoch=1), while deep learning-
based methods are trained for 300, 1000, or 10000 epochs
(green, violet, and blue points).

In the high-dimensional genotype dataset, traditional gen-
erative models generally yield low e-identifiability and mod-
erate to good utility (pMSE between 0.45 and 0.6), indicating
that non-deep-learning approaches can achieve a favorable
privacy-utility trade-off even in complex data settings.
Among these, copula and avatar perform particularly well,
offering a balanced compromise between re-identification
risk and data fidelity. In contrast, deep learning models such
as LLM and tvae, especially when trained for 10000 epochs,
exhibit increased e-identifiability with only marginal utility
gains—suggesting overfitting and heightened privacy leakage.
Notably, for LLM, data generation was only feasible at
10000 epochs due to the limited dataset size, which hindered
the model’s ability to learn the underlying distribution effec-
tively at lower epoch counts.

In the lower-dimensional phenotype dataset, similar pat-
terns are observed but with a more pronounced separation
between methods in terms of e-identifiability and pMSE val-
ues. The privacy-utility trade-off becomes more distinct, as
methods like LLM at 10000 epochs achieve significantly
lower pMSE values, but only at the cost of substantially
increased e-identifiability—raising potential privacy con-
cerns. Here, the strengths of copula and avatar become more
evident: while they may not match LLM’s utility (a pMSE dif-
ference of ~0.25), their significantly lower e-identifiability
justifies their use in privacy-sensitive contexts such as PGx. In
other words, these traditional methods continue to offer a
robust compromise, maintaining stable privacy while deliver-
ing reasonable utility, underscoring their practical relevance
for SDG in real-world biomedical applications.

Figure 2 replicates the privacy-utility analysis, substituting
the broad utility metric (pMSE) with the F} score to assess
specific utility. In the genotype panel (left), most models clus-
ter around FY scores close to the baseline (indicated by the
dotted vertical line), suggesting modest performance on the
downstream classification task similar to the original data.
Privacy-wise, e-identifiability remains moderate (0.25-0.5)
for most models, with no strong correlation between training
duration and increased privacy risk. Notably, copulagan and

ctgan (at 300-1000 epochs) achieve relatively low e-identifi-
ability while maintaining F} scores on par with or above
other models. Traditional methods perform less favorably,
offering a weaker privacy-utility trade-off compared to the
pMSE comparison. Meanwhile, the LLM model trained for
10000 epochs exhibits markedly elevated e-identifiability
without a corresponding improvement in classification per-
formance, suggesting overfitting or memorization rather than
meaningful generalization.

In the phenotype panel (right), a comparable trend is
observed: most models achieve F}' scores close to or slightly
above the baseline. Notably, ctgan and copulagan outper-
form other methods, which challenges the conventional
assumption that deep learning models are better suited for
high-dimensional data, while traditional methods excel in
low-dimensional settings. Furthermore, our results under-
score that evaluation metrics may behave counterintuitively
and are not necessarily consistent with one another. For
example, as demonstrated in Supplementary Material S1,
models with superior pMSE performance often exhibit larger
discrepancies in linkage disequilibrium (LD) structure com-
pared to lower-performing models. Similarly, univariate dis-
tribution comparisons in Supplementary Material S2 reveal
that strong alignment in marginal distributions does not reli-
ably translate to improvements in other metrics. These find-
ings emphasize that metric-specific optimization may obscure
important deficiencies in the preservation of complex multi-
variate relationships.

Figure 3 illustrates the relationship between broad utility
(PMSE) and specific utility (F}'). Across both genotype and
phenotype datasets, models exhibit greater variability along
the pMSE axis than along the F}' axis. Most models cluster
near the baseline F}' score, indicating modest predictive util-
ity when classifiers are trained on synthetic data. However,
copula and synthpop stand out in the genotype dataset,
where they solely exceed the baseline, suggesting that care-
fully designed statistical models can preserve task-relevant
relationships more effectively than deep generative models.
Conversely, methods such as LLM (10000 epochs) and ava-
tar highlight that low pMSE does not guarantee high task-
specific performance. These results emphasize the critical dis-
tinction between fidelity (distributional similarity) and func-
tional performance (predictive utility). Optimizing for one
does not ensure improvement in the other—underscoring the
necessity of a dual-metric evaluation framework when assess-
ing synthetic data quality in privacy-sensitive domains such
as PGx.

In the phenotype panel (right), models exhibit greater dis-
persion across the pMSE metric. The baseline F}' is lower in
this setting, reflecting the simpler and more structured nature
of the phenotype data. Here, the LLM model trained for
10000 epochs stands out by achieving the lowest pMSE
among all models—suggesting high alignment with the origi-
nal data distribution—while maintaining an average Fy
score. This combination yields the most favorable trade-off
between broad and specific utility in the phenotype setting,
despite the model not improving predictive performance
beyond the baseline.

To further characterize method robustness, we include
boxplots of metric variability in the Supplementary Material
S1. These plots reveal that synthpop exhibits the highest
stability across utility and privacy measures, while avatar dis-
plays substantial variability. Among deep learning-based
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Figure 4. Radar plots of feature importance (Gini and permutation) for the original dataset and 2 synthetic datasets. Feature importance were computed
using a Random Forest classifier. The plots highlight the best-performing method (copulagan) and the worst-performing method (ctgan). Feature
importance were square root-transformed to enhance the visibility of low-importance features. Radial axis labels reflect the original (pre-transformation)
importance values. The background is shaded green for positive values and red for negative values to aid interpretation.

models, variability is moderate overall, although tvae occa-
sionally demonstrates greater instability, particularly in
pMSE. Given that both tvae and avatar operate in latent
spaces, one might cautiously hypothesize that latent-space-
based methods are more susceptible to variability due to sen-
sitivity in how they model and reconstruct the data manifold.

Figure 4 presents VIMP scores for the original dataset and
synthetic datasets generated by ctgan and copulagan. In the
original data, feature F23 (corresponding to ATC codes)
appears as the most influential predictor, with a Gini impor-
tance of 0.193. In contrast, both synthetic datasets substan-
tially downweight its relevance, assigning importance scores
of 0.077 (copulagan) and 0.082 (ctgan)—a reduction of over
0.11 points. Notably, permutation-based VIMP suggests that
the Gini importance may overestimate F23’s contribution in
the original data, implying that the synthetic models might
provide a more balanced assessment. Both generative
approaches appear to correctly identify that F23 performs no
better than a random permutation.

In contrast, both models tend to overestimate the Gini
importance of less informative features such as F4 and F3,
inflating their predictive value relative to the original data.
Overall, ctgan more closely reproduces both Gini and
permutation-based VIMP scores from the original dataset,
indicating that copulagan’s generally strong performance
does not extend to accurately preserving individual feature
relevance. This observation is supported by supplementary
analyses of linkage disequilibrium and univariate distribu-
tions, which show higher fidelity in ctgan. The superior over-
all performance of copulagan likely stems from its ability to
better approximate the joint distribution, despite exhibiting
certain distributional shifts. This discrepancy highlights an
important insight: alignment with univariate or marginal
importance metrics does not necessarily translate to
improved model utility, particularly when predictive per-
formance depends on complex, higher-order interactions. In
other words, there may be a trade-off between matching stat-
istical distributions and optimizing for downstream predic-
tive tasks.

Discussion
Principal results

Our findings confirm that SDG methods reveal a fundamental
trade-off between privacy risk, measured via e-identifiability,
and broad utility, quantified by pMSE. Deep learning-based
models—particularly LLM and tvae trained for 10000
epochs—tend to achieve lower pMSE values, reflecting high
fidelity to the marginal and joint distributions of the original
data. However, this increased resemblance often comes at the
cost of elevated e-identifiability, suggesting a greater likelihood
of re-identification and, hence, a potential compromise of data
privacy. In contrast, traditional methods such as copula, syn-
thpop, and avatar typically exhibit lower e-identifiability while
achieving moderate levels of broad utility. Although these
models may not attain the same distributional precision as
their deep learning counterparts, their ability to preserve pri-
vacy while producing usable synthetic data makes them highly
relevant in sensitive domains such as PGx, where data protec-
tion is paramount.

Specific utility—as measured by the weighted F; score
(FY)—is not strongly correlated with broad utility. Models
achieving low pMSE scores do not necessarily perform better
in downstream predictive tasks. For instance, LLM at 10000
epochs exhibits superior pMSE performance in the phenotype
dataset but offers only baseline-level predictive accuracy.
Conversely, models like ctgan and copulagan at moderate
training durations achieve competitive F}' scores while main-
taining acceptable privacy levels.

Despite the growing emphasis on increasingly complex
generative models, traditional approaches such as copula and
synthpop demonstrate robust performance across both broad
(PMSE) and specific (FY) utility metrics, particularly in the
high-dimensional genotype setting. While these methods may
not always achieve the lowest pMSE values observed with
deep learning models, they consistently exhibit lower e-iden-
tifiability, greater stability, and fewer training dependencies.
Although avatar yielded only slightly weaker performance in
terms of utility and privacy metrics, it exhibited substantially
higher variability across sampling iterations, introducing an
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additional layer of uncertainty. Given this inconsistency and
considering the privacy-utility trade-offs observed in our
evaluation, copula and synthpop emerge as more reliable and
preferred choices for SDG in PGx settings, where reproduci-
bility, interpretability, and risk minimization are critical.

Overall, our results clearly indicate that no single SDG
model universally dominates across all evaluation criteria.
The performance of models varies substantially depending on
the dataset, metric, and training configuration. Importantly,
evaluating only one dimension of utility (eg, pMSE or F{
score) may give an incomplete or misleading picture. For a
comprehensive assessment of synthetic data quality—espe-
cially in healthcare and PGx applications—both privacy and
multiple forms of utility must be jointly considered. Our
results support the adoption of a multimetric, application-
aware benchmarking strategy to ensure the selection of SDG
models that align with specific use-case requirements.

The identifiability risks identified in our evaluation have
direct consequences for how synthetic data can be shared. In
particular, synthetic datasets with high e-identifiability—
often generated by deep learning models trained for extended
durations—may still pose privacy risks despite not containing
real individuals’ data. This limits their applicability for public
release in open science frameworks. While such data may be
appropriate for use within tightly controlled multicenter col-
laborations, unrestricted dissemination would require rigor-
ous privacy assessments and possibly additional safeguards.
Consequently, privacy-preserving SDG models such as copula
and synthpop are more suitable for scenarios that demand
both utility and low re-identification risk, especially when
data sharing is intended beyond institutional boundaries.

Comparison with prior work

Our results indicate that SDG methods vary in their effective-
ness when applied to high-dimensional data with few obser-
vations compared to datasets with fewer variables and a
larger number of observations. In numerous studies, syn-
thpop and ctgan have demonstrated strong performance.’*33
While synthpop and copula are among the most effective
methods, ctgan struggles, particularly with high-dimensional
data. For instance, synthpop employs techniques such as mul-
tivariate imputation to preserve relationships between varia-
bles while maintaining the overall data structure. In contrast,
ctgan can face significant challenges when dealing with high-
dimensional datasets with a limited number of samples. This
difficulty stems from the training process of GANs, which
requires large amounts of training data to achieve stable and
high-quality outcomes. In high-dimensional datasets with few
data points, mode collapse and overfitting are likely, under-
mining the model’s ability to capture the underlying data dis-
tributions accurately. As a result, ctgan is particularly prone
to performance degradation in such scenarios.

Limitations

Our study, while comprehensive in exploring different SDG
methods, has some specific limitations that should be noted.
First, the evaluation of models was constrained by the selec-
tion of datasets, which may not fully represent the diversity
and complexity found in other real-world data scenarios. For
instance, while the phenotype and genotype datasets provide
useful insights, they may not capture all nuances of high-
dimensional data distributions, potentially limiting the gener-
alizability of our findings to other types of data with different

variable structures or distributions. Additionally, while deep
learning-based methods like ctgan and tvae were assessed for
various epoch sizes, the computational cost of training larger
models and the resource-intensive nature of these approaches
could pose practical challenges in real-world applications.
Specifically, models like synthpop and tabula also required
extensive processing time—running for several days on
high-performance computing systems—due to the following
reasons: synthpop’s CART-based approach became computa-
tionally intensive when handling high-cardinality categorical
variables, while tabula’s LLM-based architecture inherently
demands significant computational resources. This limitation
can also affect the reproducibility of results when working
with very large datasets or complex model architectures.

Another key limitation is related to the evaluation metrics
used to assess data quality and privacy. While metrics such as
Fy score, pMSE, and e-identifiability provide valuable
insights into synthetic data utility and privacy risks, they each
have inherent shortcomings. For instance, e-identifiability
focuses on re-identification risk but may not fully capture all
potential privacy concerns, particularly when considering
complex adversarial attacks or data linkage scenarios that are
more difficult to measure. Similarly, while the F; score is
effective for measuring specific utility, it may not always
reflect the preservation of nuanced feature relationships,
which is critical for applications that rely on complex data
interactions. This indicates that the combination of metrics
we employed may not provide a complete picture of the
trade-offs between data utility and privacy across all types of
SDG methods.

Conclusions

In conclusion, our study shows that SDG involves a clear
trade-off between utility and privacy. Deep learning models
with high epoch size may offer high distributional fidelity but
often increase re-identification risk. In contrast, simpler
methods like copula and synthpop achieve a better privacy-
utility balance, making them strong candidates for sensitive
domains like PGx. We also find that low pMSE does not
guarantee predictive utility, emphasizing the need for multi-
metric evaluation. No model excels across all criteria, so
method selection must align with the specific demands of the
application. Synthetic data holds promise for PGx, but suc-
cess depends on choosing models that balance accuracy, pri-
vacy, and stability within real-world constraints.
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