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ABSTRACT

This article addresses the relevance of overcoming the shortage of high-quality clinical data required for training reliable
machine learning models for biological age estimation. The collection of such data is expensive, time-consuming, and restricted by
privacy regulations, while small sample sizes lead to overfitting. The aim of this research is to compare modern synthetic data
generation methods using a limited set of skeletal system biomarkers to identify the optimal approach under small-sample conditions.
The object of the study is the methodology of generating synthetic data for small tabular biomedical records applied to estimating
biological age. The subject of the study encompasses statistical methods and generative machine learning models used to synthesize
realistic clinical information. The objectives include selecting relevant biomarkers, implementing various data generation
frameworks, assessing the quality of synthetic data, and evaluating privacy risks. The study evaluates the bootstrap resampling
method, the synthetic minority oversampling technique, conditional tabular generative adversarial networks, tabular variational
autoencoders, and the Gaussian copula approach. Validation relies on nonparametric statistical tests for distributional similarity,
geometric proximity measurements, nearest neighbor privacy evaluations, and cross-validation testing. The results demonstrate that
basic resampling fails to protect data privacy, while linear oversampling severely distorts chronological age distributions and lacks
sample uniqueness. Deep generative adversarial networks exhibit mode collapse under small-sample conditions, shown by significant
error discrepancies between training and testing scenarios. In contrast, the statistical copula approach provides the highest fidelity in
maintaining complex multivariate correlations. Additionally, probabilistic autoencoders prove exceptionally capable of reproducing
marginal distributions. Both of these successful methods effectively maintain privacy. The scientific novelty lies in the development
of a comprehensive comparative framework for evaluating generative models under strict small-data constraints. The practical value
of the study consists in providing clear recommendations for researchers: the Gaussian copula approach should be prioritized when
preserving exact physiological relationships between features is critical, whereas tabular variational autoencoders are optimal when
accurate population-level distributions are strictly required.
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INTRODUCTION However, putting these predictive models into
practice is greatly limited by the amount and quality
of training data available. In biomedical research,
collecting high-quality clinical data is expensive and
time-consuming. This process is strictly restricted by
ethical regulations and patient confidentiality. As a
result, many studies rely on small datasets [4], [5],
which increases the risk of overfitting and reduces
the generalizability of the models [6]. This remains
one of the main obstacles to applying ML methods
in real clinical settings.

The rapid integration of machine learning (ML)
into personalized medicine marks a significant
change in modern gerontology. It provides new
opportunities for predicting health status. Biological
Age (BA) estimation has become a key measure
because chronological age often does not accurately
reflect a person's true functional state [1], [2]. In this
context, assessing the skeletal system characterized
by Bone Mineral Density (BMD), Trabecular Bone
Score (TBS), and Fracture Risk (FRAX), is a
fundamental biomarker of systemic aging [3]. ANALYSIS OF EXISTING RESEARCH AND
Accurately modeling these parameters is essential PUBLICATIONS
for early detection of osteoporosis and developing

preventive anti-aging strategies Synthetic data generation has become a

strategic way to address data scarcity. Current
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Traditional data augmentation methods, like the
Synthetic  Minority Over-sampling  Technique
(SMOTE) [7] or Bootstrap resampling [8], are
commonly used as baseline methods. While these
methods are efficient, they work through linear
interpolation or duplication. They often fail to
capture the complex nonlinear relationships found in
biological systems and do not guarantee patient
privacy. On the other hand, Deep Generative
Models, such as Generative Adversarial Networks
(GANs) and Variational Autoencoders (VAEs),
offer promise in producing high-fidelity data [9].

Nonetheless, most current research focuses on
evaluating these complex models using large
datasets. A key unresolved issue is how stable the
performance of these data-hungry models is when
applied to limited clinical registries. There is
insufficient systematic evidence to determine
whether complex deep learning models provide a
clear advantage over simpler statistical methods, like
Gaussian Copula, in small-sample situations. They
may also introduce statistical artifacts and privacy
risks that threaten scientific integrity.

THE AIM AND OBJECTIVES OF THE
RESEARCH

The object of study is the methodology of
synthetic data generation for small tabular
biomedical datasets. The subject of study is
statistical methods and generative machine learning
models as a means of synthesizing realistic clinical
data for estimating biological age.

The work aims to evaluate and compare various
synthetic data generation techniques to identify the
most reliable approach for overcoming data scarcity
in small biomedical datasets, ensuring both high data
utility and patient privacy.

To achieve the goal, it is necessary to solve the
following tasks:

1) select a specific set of skeletal system
biomarkers for the assessment of biological age;

2) implement traditional data augmentation
techniques and modern generative models (including
Bootstrap, the Synthetic Minority Oversampling
Technique, conditional tabular generative networks,
tabular variational autoencoders, and the Gaussian
Copula) on a limited clinical dataset;

3) evaluate the fidelity of the generated
synthetic data by analyzing how well they preserve
marginal distributions and complex multivariate
correlation structures;

4) assess the privacy preservation capabilities
of each applied method using nearest neighbor
distance metrics;

5) analyze and compare the overall effect-
tiveness of the methods based on cross-validation
scenarios to determine the optimal approach for
small-sample conditions.

MATERIALS AND RESEARCH METHODS

The experimental basis of this study was a
specialized retrospective clinical dataset provided by
experts from the D. F. Chebotarev Institute of
Gerontology of the National Academy of Medical
Sciences of Ukraine. The dataset is representative
for gerontological analysis and is based on
instrumental measurements of bone tissue status.

The final dataset used for modeling consists of
anonymized medical records of 345 male patients
aged 40 to 92 vyears, enabling the analysis of
musculoskeletal system changes across both middle-
aged and elderly populations. The mean age of the
cohort is 59 years, which ensures adequate coverage
of age-related skeletal degeneration patterns relevant
to biological age estimation.

The dataset includes quantitative biomarkers
characterizing bone mineral density, fracture risk,
body composition, and trabecular microarchitecture.
Detailed descriptive statistics of all variables are
presented in Table 1.

To comprehensively assess the quality of
synthetic data and their suitability for biological age
estimation, seven complementary evaluation metrics
were employed: Kolmogorov-Smirnov test with
Bonferroni  correction a0 =0.05/n  for

distributional similarity [10], [11]; Wasserstein
distance for geometric proximity [12]; Pairwise
Mutual Information for nonlinear dependencies [13];
Correlation Difference for linear relationship
preservation [14]; TSTR (Train Synthetic, Test Real)
and TRTS (Train Real, Test Synthetic) using Random
Forest with 5-fold cross-validation for practical utility
[15], [16]; NNDR (Nearest Neighbor Distance Ratio)
for privacy assessment, with threshold > 1.0
indicating novel sample generation [17].

Five synthetic data generation methods were
compared. Bootstrap randomly samples N
observations with replacement [18], perfectly
preserving statistical properties but generating no
novel samples (zero-privacy baseline). SMOTE
(Synthetic Minority Over-sampling Technique)
synthesizes samples by linear interpolation between
k-nearest neighbors: X, =X +A4-(X; —% ), where

2€[0,1] [29].
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Table 1. Detailed information about the dataset

Biomarker name Unit Mean SE
Body mass index (BMI) kg/m? 27.182 | 0.243
10-year probability of major osteoporotic fractures (FRAX-all) % 3.174 0.085
10-year probability of hip fractures (FRAX-hip) % 1.771 0.044
Lumbar spine bone mineral density (LS-BMD) glcm? 1.023 0.011
Femoral right neck bone mineral density (FN-BMD-R) g/cm? 0.765 0.008
Femoral left neck bone mineral density (FN-BMD-L) g/cm? 0.767 0.008
Proximal right femur bone mineral density (Hip-BMD-R) g/cm? 0.955 0.009
Proximal left femur bone mineral density (Hip-BMD-L) glcm? 0.964 0.009
BMD ultra-distal radius of the forearm (UDR-BMD) glcm? 0.744 0.005
The trabecular bone scores (TBS) units 1.32 0.006

Source: compiled by the authors

Conditional Tabular Generative Adversarial
Network (CTGAN) adapts GAN architecture for
tabular data [20], employing a generator-
discriminator framework trained with Wasserstein
loss with gradient penalty [21]. The model uses
Variational Gaussian Mixture normalization to handle
multimodal  biological biomarker distributions.
Tabular Variational Autoencoder (TVAE) models
data via encoder-decoder architecture [22], trained by

maximizing Evidence Lower Bound
L'TVAE = Lreconst +ﬂ' DKL (q¢ (Z | X) ” p(Z)) ) where
L econse 1S reconstruction loss, D, is Kullback-

Leibler divergence, and S controls the trade-off
between reconstruction quality and latent space
structure.

Gaussian Copula is a statistical approach
modeling dependency structures independently of
marginal distributions [23], [24]. According to

method transforms features to standard normal
distribution, computes covariance matrix X,

generates samples from N(O,Z), and transforms
back to original feature space.

RESEARCH RESULTS

Initial  preprocessing included cleaning,
interpolation, and feature selection. The dataset was
restricted to ages 40-90 (one out of-range patient
removed), and records with over two missing fields
were excluded. Missing values were imputed using
second-order polynomial interpolation with forward
and backward filling at boundaries. The final dataset
size was 344 samples.

Although Pearson and Spearman analyses
(Table 2) showed no significant correlation between
BMI and age (p = 0.83 > 0.1), BMI was retained as a
potential confounder [25]. This decision recognizes
that body mass significantly influences BMD and

Sklar’s theorem, any multivariate distribution . I . o
F(x...x,) can be represented through marginal fractyre r_|sk, an_d_ its |nclu3|on_ is vital for the
* d P 9 9 physiological validity of synthetic data. To control
distributions  F(x) and copula function dataset balance, age groups were created at 10-year
C:F(XyX) = C(F(%).Fi(x,)). The intervals.
Table 2. Correlation of biomarkers with chronological age
Biomarker Pearson’s Pearson’s Pearson’s | Spearman’s | Spearman’s Spearman’s
name correlation p-value t-statistics | correlation p-value t-statistics
BMI 0.012 8.30618x10" | 0.2141 0.008 8.84701x10" | 0.1451
FRAX-all 0.176 1.05890x10° | 3.3027 0.231 1.53804x10° | 4.3862
FRAX-hip 0.636 2.55892x10% | 15.2229 0.726 1.17256x10°" | 19.5464
LS-BMD 0.129 1.68264x10% | 2.4023 0.115 3.32615x102 | 2.1376
FN-BMD-R | -0.192 3.45605x10* | -3.6149 -0.199 1.98422x10* | -3.7618
FN-BMD-L | -0.180 8.04475x10* | -3.3815 -0.202 1.63985x10* | -3.8112
Hip-BMD-R | -0.132 1.40984x10% | -2.4674 -0.128 1.71852x10% | -2.3944
Hip-BMD-L | -0.123 2.24059x102 | -2.2938 -0.132 1.45014x10% | -2.4571
UDR-BMD | -0.357 9.13084x10"* | -7.0636 -0.354 1.35219x10** | -7.0009
TBS -0.192 3.49754x10* | -3.6117 -0.224 2.82140x10° | -4.2448
Source: compiled by the authors
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Fig. 1. Kernel Density Estimation

Source: compiled by the authors
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For the experimental comparison, five datasets
were analyzed: the real dataset (N = 344) and
synthetic sets (N = 1000 each) generated via
Bootstrap, SMOTE, CTGAN, TVAE, and Gaussian
Copula.

A Kkey distinction was made regarding class
balance: SMOTE was configured to generate 200
samples per 10-year age group, creating a perfectly
balanced dataset. In contrast, the other methods
aimed to reproduce the natural probability
distribution and inherent class imbalances of the
original clinical registry.

Prior to generation, SMOTE features were
normalized to [0, 1] using MinMaxScaler to prevent
scale bias; other methods utilized original scales.
CTGAN and TVAE were trained for 300 epochs
(batch 64), while Gaussian Copula was trained on
the full dataset to capture multivariate dependencies.

Initial quality assessment was performed by
visually comparing feature distributions using
Kernel Density Estimation (KDE) (Fig. 1). The plots
confirm that the statistical and probabilistic models
closely follow the natural peaks and variances of the
original  clinical data, effectively capturing
physiological  diversity  without introducing
unrealistic extreme values.

For a quantitative assessment of the statistical
similarity between feature distributions in the
synthetic datasets and the original sample, a two-
sample test was performed (Table 3). To account for
multiple comparisons (11 features and 5 methods),
the Bonferroni correction was applied, setting the
adjusted significance threshold to

a =0.05/(11x5) ~0.0009.. P-values

corrected
exceeding this threshold indicate no statistically
significant difference between distributions.

The Bootstrap baseline demonstrated near-
perfect similarity p = 1 across all features. CTGAN
exhibited critical deviations p < 0.0009 for 7 out of
11 variables, including BMI and most bone density
indicators.

Notably, SMOTE showed a significant
deviation for the age variable p ~ 0, confirming that
the linear balancing strategy distorted the natural age
distribution of the cohort. Among generative
models, TVAE successfully reproduced 10 out of 11
distributions (failing only on TBS), while Gaussian
Copula preserved all BMD markers but deviated in
FRAX-all.

Beyond statistical tests, the Wasserstein
Distance (Table 4) was computed to assess
geometric proximity, quantifying the minimal cost to
transform synthetic distributions into real ones.
TVAE achieved the lowest average distance
(0.1164) among generative methods, significantly
outperforming CTGAN (0.4606) and SMOTE
(0.4440). Gaussian Copula showed competitive
geometric fidelity (0.1347), comparable to TVAE.

The TVAE model achieved the lowest average
Wasserstein distance among generative methods
(0.1164), significantly outperforming CTGAN
(0.4606) and SMOTE (0.4440). SMOTE's high
distance for Age (3.85) further quantifies the
distributional distortion introduced by its balancing
procedure. Gaussian Copula showed competitive
geometric fidelity (0.1347), comparable to TVAE. In
practical terms, achieving a low Wasserstein
distance indicates that a generative method can
reliably produce synthetic patient profiles with
highly realistic and clinically plausible individual
characteristics, making such data safe for
supplementing small medical cohorts.

Table 3. Results of the Kolmogorov-Smirnov test (p-values) for synthetic data generation methods

Biomarker Bootstrap SMOTE CTGAN TVAE Gaussian

Copula
Age 1.0000 0.0000 0.0779 0.8547 0.2940
BMI 0.9918 0.3181 0.0000 0.4258 0.4072
FRAX-all 1.0000 0.0092 0.0000 0.1249 0.0000
FRAX-hip 1.0000 4.5%x107 0.0000 0.0177 0.6146
LS-BMD 0.9130 0.4764 0.0000 0.0910 0.6522
FN-BMD-R 0.9998 0.1467 0.0000 0.2316 0.9946
FN-BMD-L 0.9811 0.1467 0.0705 0.4236 0.8888
Hip-BMD-R 0.9002 0.1694 0.0000 0.7258 0.7227
Hip-BMD-L 0.8892 0.1948 0.0000 0.1689 0.6979
UDR-BMD 0.9991 0.0832 0.0007 0.1321 0.0494
TBS 0.8919 0.6654 0.6208 0.0001 0.9065

Source: compiled by the authors
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Table 4. Wasserstein Distance

Biomarker Bootstrap SMOTE CTGAN TVAE Gaussian

Copula
Age 0.2105 3.8509 1.7774 0.5299 0.7651
BMI 0.2279 0.4960 2.1170 0.3101 0.3118
FRAX-all 0.0407 0.1508 0.5279 0.1944 0.2671
FRAX-hip 0.0222 0.2659 0.1678 0.1201 0.0785
LS-BMD 0.0121 0.0138 0.0746 0.0278 0.0112
FN-BMD-R 0.0046 0.0197 0.1723 0.0150 0.0066
FN-BMD-L 0.0041 0.0201 0.0254 0.0099 0.0076
Hip-BMD-R 0.0055 0.0216 0.0693 0.0125 0.0111
Hip-BMD-L 0.0091 0.0200 0.1040 0.0196 0.0087
UDR-BMD 0.0033 0.0135 0.0241 0.0132 0.0080
TBS 0.0076 0.0113 0.0073 0.0275 0.0062
Average 0.0498 0.4440 0.4606 0.1164 0.1347

Source: compiled by the authors

To evaluate practical utility and privacy, TSTR
and TRTS metrics were computed using a 5-fold
cross-validation scheme with a Random Forest
Regressor to ensure robustness and minimize bias.
Additionally, the NNDR ratio was analyzed to detect
potential data leakage, and Average Absolute
Correlation Differences (AACD) were computed to
assess the preservation of linear dependencies
(Table 5).

Gaussian  Copula achieved the highest
correlation fidelity (AACD = 0.0290), while TVAE
and Gaussian Copula both passed the privacy
threshold (NNDR > 1.07), indicating the generation
of novel, non-replicated samples.

The Bootstrap baseline achieved the best
predictive utility (TSTR MAE = 0.003) but failed
the privacy check (NNDR = 0.307), confirming that
samples are mere duplicates. SMOTE similarly
failed the privacy threshold (NNDR = 0.853),
indicating that generated samples remain too close to
real records.

A significant discrepancy between TSTR and
TRTS errors was observed for CTGAN (TSTR
MAE 0.0022 vs. TRTS MAE 0.1193). This pattern
characterizes mode collapse and overfitting: the
model learns a limited set of average samples that
are easy for predictive models to learn from but fail
to represent the full complexity of the real
distribution.

From a practical standpoint, this means that a
diagnostic model trained on such collapsed synthetic
data would be highly unreliable in a real-world
hospital setting, as it would fail to accurately
estimate the biological age of diverse patients with
non-average physiological profiles.

Gaussian Copula and TVAE demonstrated the
optimal trade-off, both passing the privacy check
(NNDR > 1.07), indicating the generation of novel
samples. Gaussian Copula excelled in preserving
linear dependencies with the lowest AACD
(0.0290), while TVAE provided balanced
performance across all metrics. Practically,

Table 5. Results of the quantitative evaluation of synthetic data quality

Bootstrap SMOTE CTGAN TVAE Gaussian Copula
TSTR_MAE 0.0031 0.0070 0.0022 0.0046 0.0053 +
0.0027 0.0012 0.0013 0.0024 0.0068
TSTR_MSE 0.0002 0.0002 0.0001 0.0006 * 0.0036
0.0002 0.0001 0.0001 0.0005 0.0066
TRTS_MAE 0.0482 0.1674 0.1193 0.0818 0.0816 +
0.0066 0.0110 0.0230 0.0127 0.0154
TRTS_MSE 0.0213 = 0.0686 * 0.1064 * 0.0486 * 0.0287
0.0155 0.0186 0.0667 0.0269 0.0164
NNDR 0.3070 0.8532 1.0836 1.0721 1.0737
AACD 0.0188 0.0580 0.1769 0.0701 0.0290
Source: compiled by the authors
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minimizing the AACD is critical in biomedical
research because it ensures that well-established
physiological laws such as the inverse relationship
between bone mineral density and fracture risk are
mathematically preserved in the synthetic dataset,
preventing the generation of biologically impossible
patients.

To evaluate nonlinear dependency preservation,
the Pairwise Mutual Information Difference matrix
was calculated (Fig. 2). The analysis of this matrix
reveals that intense red zones, particularly prominent
in the adversarial network’s output, signify a severe
disruption of the natural physiological relationships
between skeletal biomarkers, which would
compromise the validity of predictive risk patterns.

Greater intensity in the red color indicates a
larger deviation from the original feature
dependencies, with Gaussian Copula showing the
highest accuracy in  maintaining complex
informational structures.

The CTGAN method demonstrated the poorest
performance in reproducing feature dependencies
(AACD = 0.1769), characterized by erratic error
spikes across BMD features. In contrast, Gaussian
Copula provided the most accurate reproduction of
the correlation architecture, with a difference matrix
showing minimal deviations (mostly within £ 0.05),
confirming its suitability for small biomedical
datasets.

To visualize these linear relationships, Fig. 3
presents heatmaps of the differences between the
Pearson correlation matrices of real and synthetic
data. The predominantly gray matrix of the copula
method indicates nearly perfect preservation of
clinical correlations, achieving the highest fidelity
among generative models (AACD = 0.0290) with
deviations mostly within + 0.05. In sharp contrast,
the deep learning approach (CTGAN) failed
significantly (AACD = 0.1769). It exhibits intense
red and blue clusters (deviations up to 0.59)
demonstrating a failure to capture the structural
integrity of bone density indicators.

TVAE (0.0701) and SMOTE (0.0580) showed
moderate performance; however, SMOTE distorted
age-related correlations (up to 0.12), while TVAE
exhibited systemic deviations (0.10-0.22) in FRAX
and BMD groups.

DISCUSSION OF THE CREATED MODELS

Our results are consistent with the findings of
Kihnel et al. [26], who confirmed the high efficacy
of variational autoencoders for reproducing complex

medical data. However, by introducing a Bootstrap
baseline, we were able to explicitly quantify the
privacy-utility trade-off. While Bootstrap achieved
perfect statistical fidelity (comparable to real data),
its failure in the privacy metric (NNDR = 0.307)
highlights the necessity of generative approaches
that create novel samples rather than replicating
existing ones.

The critical role of sample size becomes evident
when contrasting our results with Peltier et al. [27].
While Conditional GANs were successfully applied
on a dataset of 7,133 patients in their work, the same
architecture in our study (N = 345) led to significant
overfitting. This was empirically demonstrated by
the substantial discrepancy between the low TSTR
error (0.0022) and the high TRTS error (0.1193).
Such a pattern suggests mode smoothing (a form of
mode collapse), where the GAN learns central
tendencies to minimize training loss but fails to
capture the local variance and complexity required
for generalization on real data.

A critical methodological finding concerns
SMOTE. Although widely recommended for dataset
balancing, our rigorous validation with Bonferroni
correction revealed that SMOTE significantly
distorted the Age distribution (p < 0.001).
Furthermore, its NNDR of 0.85 indicates that the
generated samples remain geometrically too close to
the original records, posing privacy risks often
overlooked in standard clinical ML pipelines.

In small data regime, Gaussian Copula and
TVAE emerged as superior alternatives. Gaussian
Copula proved to be the most robust method for
preserving the correlation structure (average
absolute correlation difference = 0.029), effectively
modeling the physiological dependencies between
biomarkers. Meanwhile, TVAE demonstrated the
highest geometric fidelity, making it ideal for
reproducing marginal distributions. Importantly,
both methods passed the privacy threshold (NNDR >
1.07), generating novel data points that respect the
underlying manifold without mere replication.

These results empirically confirm the warnings
expressed by Pop et al. [28] regarding the risks of
uncontrolled use of generative Al. The emergence of
statistical artifacts and phantom correlations in
CTGAN illustrates a threat to scientific integrity.
Our study demonstrates that for limited clinical
datasets, transparent statistical methods or stable
probabilistic models provide a safer and more
scientifically valid alternative to deep-learning
black-box models.
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Fig. 2. Pairwise Mutual Information Difference
Source: compiled by the authors
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Our research has objective limitations. First, the
sample size was restricted to 345 participants,
which, while sufficient for the specific aim of
investigating small data scenarios, limits the broader
generalizability of the trained ML models. Second,
the cohort consisted exclusively of male patients.
Given that osteoporosis prevalence and bone aging
patterns differ significantly by sex, the optimal
generative parameters for female cohorts may vary.
Third, the study focused on tabular data and did not
evaluate the synthesis of medical imaging (DXA
scans), which requires different architectural
approaches.

The conditions of martial law in Ukraine
directly influenced the temporal scope of this study.
Data collection, which commenced in January 2017,
was prematurely terminated in January 2022, as the
onset of the full-scale invasion made further patient
recruitment impossible. Consequently, this dataset
serves as a unique pre-war baseline for biological
age estimation in the studied population. It provides
a reference standard that, in the presence of
analogous data collected during the martial law
period, will enable future comparative research to
guantify the potential acceleration of aging
processes induced by chronic war-related stress.

Also, future research will focus on expanding
the validation framework to include female cohorts
to assess gender-specific differences in generative
modeling. A separate direction will involve the
external validation of biological age estimation
models trained on synthetic data using independent
clinical cohorts from other medical centers.

CONCLUSIONS

The comparative analysis of synthetic data
generation techniques on a limited biomedical
dataset successfully identified the most reliable

1. Deep learning adversarial networks and
traditional linear oversampling methods proved
inadequate for small clinical registries, suffering
from severe mode collapse, age distribution
distortion, and poor privacy  preservation.
Conversely, the statistical Gaussian Copula method
and probabilistic tabular variational autoencoders
demonstrated  superior  performance.  They
successfully generated unique, privacy-compliant
synthetic samples that maintained high geometric
and correlational fidelity.

2. The scientific novelty of this work consists in
the systematic evaluation of the privacy-utility trade-
off across varying generative architectures under
strict small-data constraints. It empirically proves
that complex neural architectures lose their
advantage over classical statistical methods when
applied to limited datasets, introducing statistical
artifacts that compromise data integrity.

3. The practical relevance of the study lies in
providing a justified methodology for biomedical
researchers to expand limited datasets safely.
Specifically, the Gaussian Copula is recommended
when the preservation of precise physiological
interactions between biomarkers is paramount, while
tabular variational autoencoders are optimal for
replicating population-level distributions without
violating patient confidentiality.

Future research will focus on extending this
validation framework to female cohorts to capture
gender-specific bone aging patterns and evaluating
the potential of diffusion models to further enhance
synthetic data quality in medicine.
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AHOTALIS

VY crarTi po3riITHYTO MPOOJIeMy MOJOTaHHS HEeCTadi BUCOKOSKICHHX KITIHIYHUX JaHUX, HEOOXITHHUX JUIsi HABYAHHS HaJiiHUX
MozeNIel MalIMHHOTO HaBYAHHS JUIS OLIHIOBAaHHS 0i0JIOTiYHOro BiKy. 30ip TaKMX JaHUX MOTPiOye 3HAYHHUX PECypCiB 1 0OMEXKYeThCs
BHMOTaMH KOH(DICHIIIHHOCTI, a MaJli 00CATH BUOIPOK MPHU3BOAATH JIO MIEPEHABYAHHS Mojielicii. MeTOor M0CTizKeHHsI € TIOPiBHSHHS
CyJacHMX METOMIB TeHepalii CHHTeTUYHHMX JaHWX Ha oOMexeHoMy Habopi OioMapkepiB KICTKOBOI CHCTEMH IJIsi BH3HAYEHHS
ONTUMAIIFHOTO MiAXOAY B YMOBax Majux BHOIpoK. O06’€KTOM JOCJTiIKEHHs] € METOIOJOris reHepalii CHHTETHYHUX JaHWUX JUIs
MaJHX TaONMYHHX OiOMEAWMYHMX HAOOpIB JaHUX Yy 3ajJadyax OI[iHIOBaHHS OiojoriyHoro Biky. IIpemMeTom oC/igKeHHsT €
CTAaTHCTHYHI METOJM Ta TCHEPATHBHI ITiIXOIH MAIIWMHHOTO HABYAHHS, IO 3aCTOCOBYIOTHCS JUIA CHHTE3Y PEATICTUYHOI KJIIHIYHOL
iHpopmanii. 3aBoaHHS IOCIIUKEHHS BKIIOYAIOTh BHOIp pEeBaHTHMX OlOMapKepiB, MPOrpaMHy peai3alilo pi3HHX ajJropUTMiB
reHepallii, OIMiHKY SKOCTI CHHTCTHYHHUX JAaHWX Ta aHaji3 PU3MKIB MOPYIICHHS MPHUBATHOCTI. Y JOCIIPKEHHI OIIHIOKOTHCS METOT
Bootstrap, MeTos CHHTETUYHOTO IIepeHaCHUYCHHs BUOIPKM, YMOBHI TaOJIM4YHI T€HEpPaTHBHO-3MaraibHi Mepeski, TaOIM4Hi BapiariiHi
aBTOCHKOJICPH Ta IIiJXiJ] HA OCHOBI raycoBOi Komynu. Bamimarisi cnupaeThcsi Ha HENMapaMeTPUYHI CTATUCTUYHI TECTH JJISl OIIHKH
MOAIOHOCTI PO3MOMINIB, BUMIPIOBAaHHS T€OMETPHYHOI OJM3BKOCTI, OIIHIOBAHHS IPHBAaTHOCTI HAa OCHOBI HAMONIKYOro cycima Ta
TepexpecHe TeCTyBaHHs. Y pe3yJbTaTi JIOCIiUKEHHsI BCTAaHOBIICHO, 10 0a30BMii MeTon Bootstrap He 3abe3nedye HaJIeXHOTO PiBHS
MIPUBATHOCTI, TOAI SIK METOJ] CHHTETHYHOI'O IepeHACHYCHHsS BUOIPKH CYTTEBO CIOTBOPIOE PO3MOAIT XPOHOJOTIYHOIO BIKYy Ta He
3a0e3reuye yHIKaJIbHOCTI 3TeHepOBaHNX 3pasKiB. | eHepaTHBHO-3MaranbHi Mepeki B yMOBaX MaJliX BUOIPOK CTHKAIOTHCS 3 KOJIATICOM
MOJ, IO MiATBEP/IKYETHCS 3HAYHOIO0 PO3ODKHICTIO TIOMHJIOK MK IPOTHJICKHUMH CIEHApisMH OLiHIOBaHHs. HaToMicTh minxin Ha
OCHOBI TaycoBOI KOIy/H 3a0e3ledye HaWBHILy TOYHICTH 30€pekeHHsS CKIaJHUX KOpeIMiHHMX 3ale)KHOCTeH MK O3HaKaMmu, a
TaOJMWYHI BapialliifHi aBTOSHKOAEPH e(PEeKTHBHO BiATBOPIOIOTH MapriHaNBHI po3mofiumy. OOuaBa MiAXOMM YCIIIHO TPOXOASTH
TepeBipky Ha 30epekeHHs npuBaTHOCTI. HaykoBa HoBM3HA monsrac y (OpMyBaHHI KOMIDIEKCHOI TOPIBHSUIBHOI METONONOTiT
OLIIHIOBAaHHS T€HEpPAaTHBHUX Mojeneidl B yMoBax Manux BHOiIpok. IIpakTHume 3HAYeHHSI OTPHMAHHX DPE3YJIbTATIB IONATAE Y
(dopMyBaHHI peKOMeHIalil o0 BUOOPY METOMIB: BUKOPUCTAHHS raycOBOi KOIYJIM € JIOIUIBHUM Yy BHIIAJIKaX, KOJH KPUTHIHO
BaXXJIMBUM € 30€pekeHHS B3a€MO3B’SI3KIB MK O3HaKaMu, a TaOJIMYHI BapialliliHi aBTOSHKOJEPH JOLUIFHO 3aCTOCOBYBATH JUIS
TOYHOTO BiITBOPEHHS PO3MO/LIIB Ha PiBHI MOMyIsLii.
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