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Conditional deep generative modeling of
blood-based infrared spectra enables
controlled in-silico phenotyping studies
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Niklas Leopold-Kerschbaumer1,2,3,13, Timo Halenke2,4,13, Selina Süzeroğlu2,4,13, Moritz Jung1,2,3,
Mariia Seleznova2,3, Nicole Thorisch1,4, Jeanette M. Lorenz4,5, Thomas Bocklitz6,7, Bjoern M. Eskofier8,9,
Gitta Kutyniok3,10,11,12, Ferenc Krausz1,2,4 & Kosmas V. Kepesidis1,2,4

Infrared molecular fingerprinting of blood offers a scalable, minimally invasive window into human
physiology, but limited follow-up, imbalanced cohorts, and restricted access to diverse phenotypes
constrain systematic studies. Here, we introduce a conditional deep generative framework for
synthesizing blood-based infrared spectra that preserves individual-level structure while allowing
controlled manipulation of demographic and anthropometric covariates. Using 25,308 spectra from
5,863 ostensibly healthy participants in the longitudinal Health4Hungary - Hungary4Health cohort, we
train a Conditional Variational Autoencoder, a Conditional Boundary Equilibrium GAN, and a
Conditional Diffusion Model to generate blood-based infrared spectra conditioned on age, sex, and
body mass index. We show that the generated spectra closely match held-out real data across
multiple levels and faithfully encode demographic and anthropometric information. We further
demonstrate two in-silico applications: modeling of individualized healthy aging trajectories that
follow cohort-level aging manifolds while retaining individual-specific characteristics, and targeted
augmentation of underrepresented bodymass index categories. Together, these results demonstrate
the feasibility of utilizing conditional generative modeling of blood-based infrared spectra for virtual
cohort construction, cohort balancing, and controlled in-silico phenotyping, paving the way toward
more comprehensive and data-efficient studies in precision health.

Longitudinal molecular profiling is emerging as a powerful approach for
personalized health monitoring, with the potential to support early disease
detection, risk assessment, and preventive medicine. The integration of
diverse “omics” technologies—including genomics, transcriptomics, pro-
teomics,metabolomics, epigenomics,microbiomics, andexposomics—with
biosensor data, medical imaging, and electronic health records has created
an unprecedented wealth of health-related information1–13. Such integrated
datasets are deepening our understanding of human biology and may
transform how early warning signs of disease are identified.

Within this broader landscape, infrared (IR) spectroscopy of liquid
biopsies, such as blood plasma, offers a noninvasive route to molecular
health monitoring. In particular, infrared molecular fingerprinting (IMF)
based on Fourier-transform infrared (FTIR) spectroscopy captures vibra-
tional signatures of biomolecules and provides a holistic snapshot of plasma
composition, including contributions from proteins, lipids, carbohydrates,
metabolites, and other biochemical constituents14–17. More broadly, spectral
and hyperspectral imaging approaches have been widely explored in bio-
medical analysis because they can couple molecularly informative spectral
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contrast with spatial or morphological information, including applications
to blood-cell identification and classification18–20. IMF has shown high
temporal stability at the individual level, an important prerequisite for
longitudinal and clinical applications21–23. Reported applications include
oncological and metabolic profiling, among others24–37.

Despite this promise, assembling large, diverse, and well-balanced
longitudinal datasets remains challenging. Repeated sampling of the same
individuals over extended time periods requires long-term follow-up, sub-
stantial logistical coordination, and sustained participant engagement.
Consequently, studies often face limited temporal coverage, imbalanced
demographic or physiological subgroups, and modest statistical power.
These constraints hinder systematic investigation of aging effects, long-
itudinal health trajectories, and transitions from health to disease.

Generative modeling provides a strategy to mitigate these limitations
by synthesizing spectra that resemble real measurements while expanding
the range of available data for analysis. Deep-learning-based generative
models are particularly suitable for this task because they can learn complex,
high-dimensional data distributions directly from empirical observations.
Unlike simple resampling strategies or predefined parametric models, they
can capture nonlinear relationships, latent structure, and higher-order
dependencies among spectral features. This flexibility is especially relevant
for IMF,where each spectrum represents an aggregatedmolecular signature
of a complex biological matrix, and biologically meaningful variation may
be distributed across many correlated spectral regions.

For longitudinal and precision-medicine applications, however,
reproducing the overall spectral distribution is not sufficient. Synthetic
spectra aremost useful when their generation can be controlledwith respect
to biologically and clinically relevant variables. Conditional generative
models address this need by incorporating covariates into the generative
process, enabling spectra to be synthesized for virtual individuals or sub-
groups with specified characteristics. Conditioning on variables such as age,
sex, and body mass index (BMI) allows models to represent structured
population heterogeneity and supports controlled in-silico applications,
including cohort balancing, targeted augmentation of underrepresented
subgroups, and simulation of individualized longitudinal trajectories.

Previous generative approaches for blood-based spectroscopic data
have mainly relied on classical statistical models, such as multivariate nor-
mal formulations38–40, or linear combination-based schemes in which new
spectra are generated by mixing existing measurements41. While these
approaches can reproduce certain global distributional properties, their

linear or parametric assumptions limit their ability to capture complex
nonlinear dependencies and to generate spectra conditioned on individual-
level covariates. Deep generative models have also been proposed for
spectral synthesis42–44, but in their unconditional form, they are restricted to
modeling themarginal data distribution and do not provide explicit control
over subject-specific attributes. Conditional deep generativemodels provide
a more flexible alternative by learning nonlinear latent representations of
spectral data while enabling controlled generation with respect to demo-
graphic and anthropometric variables. Although such models are often less
interpretable than classical approaches, this limitation is less restrictive in
the present setting, where FTIR plasma spectra are already highly aggre-
gated, indirect measurements of underlying biochemistry.

In this work, we present conditional deep generative models for IMF
spectra that integrate age, sex, and BMI as conditioning variables. Specifi-
cally, we evaluate a Conditional Variational Autoencoder (CVAE), a Con-
ditional Boundary Equilibrium GAN (CBEGAN), and a Conditional
Diffusion Model (CDIFF)42,45–50. The models are trained on spectra from
healthy individuals in a longitudinal cohort and are designed to generate
high-quality synthetic spectra suitable for clinical and translational research.
We evaluate spectral fidelity and clinical utility and demonstrate several in-
silico applications: (i) adjustable population scaling, (ii) augmentation of
underrepresented subgroups, and (iii) digital-twin-style conditional pro-
jections for simulating healthy aging trajectories. Figure 1 summarizes the
data type, model architectures, and main use cases. Overall, our findings
highlight the potential of conditional deep generative modeling to advance
in-silico clinical research and enable controlled, data-driven investigations
in precision medicine.

RESULTS
Longitudinal study cohort
The Health4Hungary—Hungary4Health (H4H) program is a longitudinal
clinical study launched in 2021, designed for population-scale health
monitoring using infrared molecular fingerprinting. The study aims to
follow ~15,000 healthy volunteers over 10 years. At the time of analysis, the
dataset comprises 25,308 infrared spectral samples collected from 5863
participants, each contributing between one and six visits. The average time
span for individuals with all 6 visits is 2.4 years, while the entire dataset was
collected of a total time span of 3.6 years. This dataset serves as the basis for
the present work.

Fig. 1 | Overview of the generative framework.
Schematic of the workflow for synthesizing
individual-specific blood infrared spectra and in-
silico clinical applications (e.g., cohort balancing,
simulating healthy aging).
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For model development, participants were divided into mutually
exclusive training and test sets (seeTable 1 andFigs. S1-S2 inSupplementary
Information). The generative models were trained exclusively on the
training set, while their performance and clinical relevance were evaluated
on the held-out test set. To avoid potential information leakage, we ensure
no individual appears in both the training and testing sets. Evaluation
involved (i) comparing the statistical distributions of real and synthetic
spectra and (ii) comparing clinically relevant predictive models trained on
real and synthetic data, respectively.

Generative modeling architectures
To generate condition-specific spectra, we train three models: a CVAE, a
CBEGAN, and a CDIFF. The CVAE encodes an input spectrum and its
condition vector into a Gaussian latent distribution and decodes samples
conditioned on age, sex, and BMI. The encoder and decoder use multilayer
perceptrons (MLPs) and are optimized via the evidence lower bound
(ELBO) method47. The CBEGAN generates spectra from noise and condi-
tions, with an autoencoder discriminator using reconstruction error as the
adversarial signal45. TheCDIFF generates spectra by starting froma random
noise vector and iteratively denoising it through a learned reverse process
that approximates the inversionof a gradual noising (diffusion) procedure49.
Details on the implementation and training are provided in the Methods
section. Using the trained models, we generated three synthetic datasets,
DCVAE,DCBEGAN, andDCDIFF, each withN = 5, 062 spectra matched to the
demographic distribution y of the real test set Dreal.

Quality of synthetic fingerprints
We compared synthetic spectra with the held-out real test set (Table 1).
First, qualitative inspection showed that all three models produced smooth,
continuous spectra comparable to real data (Fig. 2a). For a lower-
dimensional comparison, we performed principal component analysis
(PCA) on real spectra and projected the synthetic spectra onto the resulting
components. The first two PCs showed overlapping clusters for real and
synthetic data, indicating partial preservation of the global variance
structure.

To assess potential differences between real and synthetic spectra at the
spectrally resolved level, we compute the effect size (Cohen’s d)51 at each
wavenumber. For a given wavenumber k, the effect size is defined as

dðkÞ ¼ MGðkÞ �MRðkÞ
sðkÞ ; ð1Þ

whereMG(k) andMR(k) denote themeanabsorbance values of the synthetic
and real spectra, respectively, and s(k) is the pooled standard deviation at

that wavenumber. The pooled standard deviation is computed as

sðkÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðnG � 1Þs2GðkÞ þ ðnR � 1Þs2RðkÞ

nG þ nR � 2

s
; ð2Þ

with sG(k) and sR(k) representing the standard deviations of the synthetic
and real absorbance distributions, and nG and nR their corresponding
sample sizes. This formulation yields a standardized, unitlessmeasure of the
magnitude of the difference between the two distributions at each spectral
position.

As shown in Fig. 2b, the effect size per wavenumber remained well
below 20% of the standard deviation across all wavenumbers for the CVAE
and CDIFF, while the CBEGAN only rarely exceeded this threshold. This
suggests that the deviations between real and synthetic spectra are small and
of limited practical significance52. To probe higher-order structure, we
extracted a set of 24 peak ratios previously reported21 to reflect interpretable
biochemical relationships. A description of these peak ratios and their
biological relevance is provided in Table S1 of the Supplementary Infor-
mation. Figure 2c shows that the distributions of peak ratios for real and
synthetic spectra align closely. Moreover, Fig. 2d shows that effect sizes
across ratios remained well below the 20% threshold52, indicating a small
effect for the CVAE and CDIFF, while the CBEGAN occasionally exceeds
this threshold.

Additionally, we quantified the similarity between real and synthetic
distributions using complementary distribution distance metrics (Table 2).
Across all metrics, the diffusion model consistently achieved the lowest
distances, indicating closer agreementwith the real data distribution relative
to the other models. In particular, both the global and within-condition
Fréchet Distance (FD), which captures discrepancies in first- and second-
order statistics (mean and covariance), were substantially reduced for the
diffusion model compared to the VAE and GAN. A similar trend was
observed for the Maximum Mean Discrepancy (MMD), a kernel-based
metric sensitive tohigher-orderdifferences in thedistributions: thediffusion
model yielded markedly lower values, both globally (in PCA space) and
within conditions, suggesting improved alignment beyond simple moment
matching. The within-condition Intraclass Correlation Coefficient (ICC)
provides a complementary perspective by quantifying the ratio of between-
condition to total variance, thereby reflecting how well the conditional
structure of the data is preserved. Here, all models produced ICC values in
the vicinity of the real dataset (0.066), with the diffusionmodel being closest.
However, this agreement shouldbe interpretedwith caution, as thediffusion
model was explicitly tuned with respect to this metric (see supplemen-
tary Fig. S3).

Finally, following prior work on auditing generative models using
nearest-neighbor distances between synthetic and training samples53, we
evaluated whether generated samples were unusually close to the training
data. For each generated sample, we computed its Euclidean distance to the
nearest training sample and compared the resulting distance distribution
with that of held-out real test samples. Smaller nearest-neighbor distances
indicate a greater potential formemorization andprivacy leakage.Details on
the evaluation setup are reported in section in the Supplementary Infor-
mation.We found a nearest-neighbor proximity score (NNPS) of 0.45, 0.60,
and 0.47 for CVAE, CBEGAN and CDIFF, respectively. Values close to 0.5
indicate that generated samples are no closer to the training data than held-
out real samples, whereas larger values suggest an increased tendency
towardmemorization.Accordingly, CVAEandCDIFF showedno evidence
of elevated privacy risk based on this analysis, while CBEGAN exhibited a
modest increase in proximity to training samples. Nevertheless, given the
limited magnitude of this effect and the inherently limited accuracy for
predicting even the conditioned covariates, we found no indication of
substantial privacy leakage in any of the evaluated models.

Taken together, these results indicate that while all models capture the
coarse statistical structure of the data, the diffusion model more faithfully

Table 1 | Overview of the H4H longitudinal dataset

Dataset # Blood
Samples

# Individuals # Visits per
Individual

H4H Total 25,308 5863 1–6

Demographics: 2009 male, 3854 female; Age: 39–84 y; BMI: 15.0–64.87

Train Set (80%) 20,246 4698 1–6

Test Set (20%) 5062 1165 1–6

Test Set Subdivision: Single-Visit Cohorts

SVC (6 cohorts) 5062 total 5062 total 1 per individual

(Per-cohort size range: 843–844)

Sample counts, visit counts and demographics are reported. Further demographic details and
details on SVCs in Fig. S1 and Figure S2 (Supplementary). Train and test sets aremutually exclusive
at the participant level.
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reproduces both global and condition-specific distributions, including
higher-order dependencies.

Conditional information content of synthetic fingerprints
We next assess whether the synthetic spectra correctly encode conditional
information. To do so, we construct case-control designs that allow com-
parison of the conditional distributions between real and synthetic spectra.
The conditions examined in thiswork are basedon three covariates: age, sex,
and BMI. Accordingly, we define the dichotomies male/female, young/old,
and high/low BMI. To minimize potential confounding, case-control
groups are formed through pairwise statistical matching of controls to cases
based on age and sexwhenever possible54. Specifically, for the sex condition,
we compare males and females balanced on age. For age and BMI, we

dichotomize the variables at a0 = 52 years and b0 = 27, respectively, and then
construct balanced groups by matching on age and sex. The age and BMI
thresholdswere chosen to ensure that the corresponding label subgroups are
balanced in size. The exact number of individuals per subgroup is reported
in Table S2 (Supplementary).

After defining these groups, we first evaluate conditional alignment
using the effect size defined in Equation (1), which quantifies differences
between the two distributions. We compute and compare the effect size for
both real and synthetic data. As shown in Fig. 3a-c, the effect size from real
and synthetic spectra is closely aligned across the full spectral range for all
three conditions. Alternatively, the Pearson correlation between covariates
and each wavenumber can serve as an additional evaluationmetric without
relying on dichotomization of covariates. As shown in Figure S4, these
results are consistent with the effect size analysis.

To further assess conditional consistency, we train binary classification
models for each dichotomy using the same case-control groupings. This
evaluation is performed within a cross-validation framework in which the
test set is partitioned into six single-visit cohorts (SVCs). Each SVCcontains
at most one visit per participant while preserving the age, sex, and BMI
distributions of the full test set (see Table 1 and Supplementary Figs. S1-S2).
We train logistic regression classifiers (L2 penalty,C= 10) to predict sex and
the binarized age and BMI labels, respectively. Further details on the clas-
sification setup are described in section D in the Supplementary Informa-
tion. A baseline model is trained and evaluated on real data, and its
performance is compared with models trained on synthetic data (CVAE,
CBEGAN, CDIFF) and evaluated on real spectra. The objective of this
analysis is not tomaximize classification accuracy but to assess consistency:
synthetic data should support analyses that yield the same substantive
conclusions as those derived from real data. The resulting cross-validation
Receiver Operating Characteristic (ROC) curves are shown in Fig. 3d-f. All
synthetic-trained classifiers achieve ROC performance comparable to the
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Fig. 2 | Distribution analysis. a Representative spectra (three each) from the real,
CVAE-synthetic, CBEGAN-synthetic, and CDIFF-synthetic datasets. Spectra show
absorbance in arbitrary units, measured via FTIR and preprocessed as described in
the Methods. The inset displays a scatter plot of the first two principal components

for 200 samples from each set. Inset zoom range: 2915 cm1–2966 cm1. b Cohen’s d
effect size (real vs. synthetic) computed at each wavenumber. c Box plots of peak-
ratio distributions for real and synthetic data. d Cohen’s d values for peak ratios.
Ratio indices correspond to Table S1 (Supplementary).

Table 2 | Distance metric based comparison of generative
models

Metric VAE GAN Diffusion

Global FD 10.8930 23.6450 3.1529

GlobalMMD (10PCs) 0.0036 0.0044 0.0004

Within-Condition FD 25.5505 35.5207 13.5237

Within-
Condition MMD

0.0077 0.0075 0.0014

Within-
Condition ICC

0.0617 0.0799 0.0694

NNPS [%] 44.626 59.621 47.037

The Within-Condition ICC of the real dataset is 0.066. A generative model that would perfectly
generalize to the test set would have anNNPSof 50%. For all other distancemetrics, lower is better.
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baseline, indicating preservation of the predictive signal. CDIFF exhibits the
best overall alignment, followed by CBEGAN, and then CVAE. This
ranking is consistent with the expected modeling characteristics of each
architecture: diffusion models, widely regarded as state of the art for gen-
erative tasks, capture fine-grained distributional structure most faithfully;
the CBEGAN’s adversarial training enables it to reproduce sharper,
condition-relevant spectral features; while the CVAE’s smoother generative
assumptions can temper subtle variations associated with the covariates.
ROC-AUC values were compared using the existing SVC structure. For

each classification task and each SVC, we computed the AUC of the clas-
sifier trainedonreal data and theAUCof eachclassifier trainedongenerated
data, all evaluated on the same real SVC samples. Pairwise differences in
AUCwere then computed within each SVC. For each generatedmodel, the
six SVC-level AUCdifferenceswere tested against zero using a paired t-test.
Results are reported as mean AUC difference across SVCs with 95% con-
fidence intervals and nominal p-values. The results shown in Table 3 con-
firm that the AUCs obtained via CDIFF have no significant difference
compared to those of the real data. CBEGANonly falls below p<0.05 for the
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Fig. 3 | Conditional analysis. a–cEffect-size curves comparing positive and negative
classes derived from binarized covariates (sex; age ≤a0 vs. > a0; BMI ≤b0 vs. > b0) for
real and synthetic data. d–f ROC curves for classifiers trained on real spectra (black)
and on synthetic spectra generated by the CVAE (blue), CBEGAN (red), or CDIFF

(orange), with all models evaluated on real data. Error intervals for both ROCs and
AUCs report ± 1 standard deviation. See the main text for details on label
construction.
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BMI classification, while the AUCs of CVAE significantly differ from those
of the real dataset.

To test the sensitivity to other age and BMI thresholds, we provide
complementary effect-sizes and ROC-AUC scores in Fig. S5 and
Tables S3–S4. Alternatively, an elastic net can be fit to predict age and BMI
directly (without dichotomies). Results are shown in Fig. S6S7S8
(Supplementary).

Applications in in-silico modeling
In the preceding sections, we demonstrated that the synthetic spectra not
only reproduce the characteristics of real data but also accurately encode
demographic and anthropometric information. This property enables the
interpretation of synthetic spectra as originating from virtual individuals
with well-defined attributes such as age, sex, and BMI. Consequently, these
synthetic data can serve as a basis for in-silico studies that enable controlled,
targeted interventions—for example,modeling the spectral consequences of
aging or disease progression in a reproducible and individualized manner.
In the following, we illustrate two exemplary in-silico applications: (i)
simulation of healthy aging trajectories through controlled interventions,
and (ii) augmentation of limited datasets to enhance classification
performance.

Simulating healthy aging. Given the low intra-individual yet high inter-
individual variability observed in IMF profiles21,23, we investigated the
potential of digital-twin-style conditional spectrum generation to model
individual-specific aging trajectories. The CVAE framework facilitates
this by encoding an individual’s baseline spectrum and then modifying
the concatenated condition vector to simulate gradual changes in cov-
ariates—such as progressive aging—while preserving individual-specific
features. Figure 4a shows a two-dimensional UMAP (UniformManifold
Approximation and Projection55) embedding of real spectra from the
study cohort, revealing a distinct non-linear manifold along which
chronological age increases. This manifold was identified using spectral
regions with the highest correlation with age; see Fig. S9a (Supplemen-
tary). On this manifold, we projected synthetic spectra generated for
predefined combinations of age, sex, and BMI. By systematically varying
the age condition, we obtained continuous trajectories of synthetic
spectra that trace movement along the cohort-level aging manifold. In a
complementary analysis, when the cohort was mapped onto an alter-
native two-dimensional UMAP embedding constructed using features
selected by the index of individuality, these same trajectories were found
to cluster within the same local regions as the real visits of each corre-
sponding individual (Fig. 4b). The spectral areas used for both embed-
dings are shown inFig. S9c (Supplementary). Therefore, these trajectories
demonstrate that the CVAE captures both global aging trends and
individual-specific spectral characteristics. This allows it to reproduce
aging pathways consistent with cohort-level aging-associated spectral

trends. Extending this approach to include additional clinical covariates
could enable the joint modeling of healthy and pathological aging, sup-
porting in-silico experiments that disentangle age-related and disease-
related spectral effects or simulate alternative clinical scenarios.

Targeted augmentation of underrepresented populations. As a sec-
ond application, we examined whether conditionally generated spectra
can enhance statistical power in classification tasks, particularly when
working with limited or imbalanced datasets. Specifically, we evaluated
BMI classification across four categories: underweight ( < 18.5), normal
(18.5–25.0), overweight (25.0–30.0), and obese ( > 30.0)56. Due to limited
sample sizes, the underweight and normal categories were combined into
a single class. Figure 4c presents results from a three-class classification
experiment conducted under four conditions: (i) a baselinemodel trained
on the full real dataset, (ii) a model trained on a dataset with strong class
imbalance, and (iii-v) three augmented versions in which the class
imbalance was resolved by adding spectra generated by the CVAE,
CBEGAN, and CDIFFmodels, respectively. All analyses were performed
using cross-validation across SVCs. A logistic regression classifier
achieved an overall accuracy of 59% on the baseline real data. Artificially
reducing the representation of the Normal and Obese classes by 90% led
to substantial performance degradation, with predictions collapsing
toward the dominant Overweight class. Augmentation with con-
ditionally generated spectra restored balanced class representation and
improved classification accuracy, approaching the baseline level with the
CBEGAN and CVAE, while moderately improving with the CDIFF.
Additional analyses—including comparisons with standard over-
samplingmethods such as randomoversampling and SMOTENC, aswell
as analogous experiments for age classification—are provided in Sup-
plementary Fig. S10. Collectively, these results highlight the potential of
synthetic data to stabilize model performance in underrepresented sub-
groups under the evaluated experimental conditions.

Discussion
This work demonstrates that conditional deep generative models can syn-
thesize IMF spectra that closely resemble real measurements, preserve
conditional structure for age, sex, and BMI, and enable controlled in-silico
analyses. Thesemodels act as simulators of “virtual individuals,” supporting
cohort balancing, power scaling, and digital-twin-style trajectory studies
without additional sample collection. All our generativemodels reproduced
key spectral and feature-level properties of real data and supported classi-
fiers that generalized to true measurements. Notably, the CVAE’s explicit
latent representationprovides an advantage indigital-twin-style conditional
generation, where smooth manipulation of latent codes enables indivi-
dualized trajectories that remain anchored to individual-specific char-
acteristics. Conditioning allows the synthetic spectra to be interpreted in
relation to individual-level attributes, enabling reproducible case-control

Table 3 | AUC significance tests

Model Covariate Mean SD SE 95% CI p

CVAE age −0.055 0.035 0.014 [−0.091, −0.018] 0.012

BMI −0.084 0.034 0.014 [−0.119, −0.049] 0.002

sex −0.031 0.012 0.005 [−0.043, −0.019] 0.001

CBEGAN age −0.030 0.032 0.013 [−0.064, 0.004] 0.076

BMI −0.037 0.028 0.012 [−0.067, −0.007] 0.024

sex −0.011 0.013 0.005 [−0.024, 0.002] 0.086

CDIFF age −0.006 0.018 0.007 [−0.025, 0.012] 0.429

BMI −0.007 0.016 0.007 [−0.024, 0.009] 0.315

sex 0.001 0.005 0.002 [−0.005, 0.007] 0.743

Mean AUC difference (synthetic − real) across the six SVCs, with standard deviation, standard error, 95% confidence interval, and paired t-test p-value.
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designs and individualized aging simulations. Table 4 summarizes these
relative strengths of the three models across these axes. It indicates that no
single architecture dominates across all axes, and that the appropriate choice
depends on the intended application. TheCDIFF achieved themost faithful
reproduction of both the global and condition-specific data distributions
(lowest FDandMMD;Table 2) togetherwith the closest classifier transfer to
real data, yielding AUC differences that were statistically indistinguishable
from zero (Table 3). These advantages, however, come at the cost of com-
paratively expensive iterative sampling and the absence of a directly

manipulable latent representation. The CVAE occupies the opposite end of
this trade-off: its smoothing tendency produces the lowest distributional
fidelity and the largest classifier-transfer gaps, yet it is the only one of the
three architectures toprovide an explicit, continuous latent spaceand single-
pass sampling, which makes it uniquely suited to digital-twin-style inter-
polation and large-scale generation. The CBEGAN is intermediate, offering
better conditional transfer than the CVAE but weaker distributional
agreement than the CDIFF.

A recurring observation across our analyses is that the CBEGAN
supports slightly better classifier transfer than the CVAE despite poorer
agreement with the overall data distribution. We hypothesize that this
reflects a known consequence of the two training objectives: the CVAE
optimizes a Gaussian reconstruction (MSE) likelihood and averages over its
posterior, which attenuatesfine, locally contrasted spectral features, whereas
the adversarial reconstruction objective of the CBEGAN penalizes such
blurring and rewards the reproduction of sharper, condition-relevant edges
that linear classifiers can readily exploit. Sharper, however, does not
necessarily mean more realistic, and our data support this caveat: the
CBEGAN simultaneously exhibits the poorest global distributional agree-
ment of the three models (highest global FD and MMD) and the largest
within-condition FD (Table 2), occasionally exceeding the 20% effect-size
threshold at the distributional level.

Despite thesepromising results, several limitations remain.Themodels
were trained on healthy individuals within a single measurement pipeline,
and their generalizability to other instruments, laboratories, cohorts, or
disease states has not yet been established. Cross-domain robustness is
therefore an important direction for future work. In this regard, dedicated
domain-adaptation strategies for blood-based IR spectroscopyhave recently
been developed, including data-augmentation-based harmonization

a b

2.5 0.0 2.5 5.0 7.5 10.0 12.5 15.0
UMAP Dimension 1

2

4

6

8

10

12

14

U
M

A
P 

D
im

en
si

on
 2

Simulated Aging Trajectories: Aging Trend

Simulated Trajectory
Start Point

5.0 2.5 0.0 2.5 5.0 7.5 10.0 12.5 15.0
UMAP Dimension 1

2

4

6

8

10

12

14

U
M

A
P 

D
im

en
si

on
 2

Simulated Aging Trajectories: Locality

Real Visit
Real Visits Distribution
Simulated Trajectory
Start Point

Normal Overweight Obese

Normal

Overweight

Obese

0.04 0.29 0.00

0.01 0.32 0.01

0.00 0.31 0.02

real data imbalanced
accuracy=0.381

Normal Overweight Obese

Normal

Overweight

Obese

0.24 0.07 0.03

0.09 0.14 0.10

0.03 0.09 0.21

real data
accuracy=0.591

Normal Overweight Obese

Normal

Overweight

Obese

rebalanced with CBEGAN

Normal Overweight Obese

Normal

Overweight

Obese

rebalanced with CVAE

0.21 0.10 0.03

0.08 0.16 0.09

0.03 0.12 0.19

accuracy=0.559

0.17 0.15 0.02

0.06 0.22 0.05

0.02 0.18 0.14

accuracy=0.526

Oversampling with Generative Models

45.0

47.5

50.0

52.5

55.0

57.5

60.0

62.5

65.0

Average N
eighbor A

ge

Normal

Overweight

Obese

NormalOverweight Obese

0.14 0.18 0.01

0.05 0.24 0.05

0.01 0.21 0.11

ACC=0.494
rebalanced with CDIFF

c

All Subjects

Fig. 4 | 2D UMAP embeddings for four individuals with simulated aging in four
10-year steps. Initial spectra are averaged across the first four short-interval visits.
a Embeddings using 30 age-correlated wavenumbers show clear aging trajectories;
the background is colored by the average age of the 20 nearest neighbors.

b Embeddings using 30 wavenumbers with the highest Index of Individuality
highlight individual-specific clustering. c Multi-class BMI classification: baseline;
undersampled (Normal/Obese reduced 90%); and rebalanced with CVAE/CBE-
GAN/CDIFF augmentation.

Table 4 | Qualitative comparison of the three conditional
generative models

Criterion CVAE CBEGAN CDIFF

Distributional fidelity
(FD, MMD)

low low high

Conditional quality
(classifier transfer)

low moderate high

Latent control /
digital twins

high n.a. n.a.

Sampling efficiency high moderate low

Extensibility toward
causal modeling

moderate low moderate

Ratings denote relative qualitative rankings among the threemodels: high >moderate > low. “n.a.”
indicates that the corresponding capability is not supported by the architecture under
consideration. The qualitative ratings are derived based on themetrics presented in Tables 2–3 and
Figs. 2–4.
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approaches57 and Domain-Adversarial Neural Network-based cross-
instrument harmonization58. The latter is particularly promising because it
learns to map measurements acquired on different devices into a shared
spectral domain. Thus, for future cross-domain applications, the intended
strategy is not necessarily tomake the generativemodels themselves directly
invariant across devices or laboratories, but rather tofirst harmonize spectra
into a common domain using dedicated domain-adaptation methods.
Conditional generative modeling can then be applied within this shared
domain.

Another limitation is that conditioning is currently limited to three
covariates, which may lead to residual confounding. Extending the con-
ditioning space to include routine clinical laboratory parameters—such as
lipid panels, inflammatory markers, glucose or insulin levels, and blood
counts—could address several of these limitations. Incorporating such
biochemical information would reduce confounding by capturing key
biological axes linked to IMF spectra, enabling the generation of under-
represented clinical subgroups, and improving interpretability by estab-
lishing direct relationships between spectral regions and laboratory
measures (for example, lipid-sensitivebands versusLDL/HDL levels). These
additional covariates can be implemented through continuous encodings,
multi-branch conditional networks, and missingness-aware gating
mechanisms to ensure flexibility and scalability. Beyond adding covariates,
emerging multimodal foundation-model frameworks enable generating
biospectral data alongside other modalities—including omics profiles, vital
signs, medical imaging, and electronic health records—thereby embedding
IMF synthesis within a broader cross-modality generative ecosystem.

Looking ahead, a major step will be the transition from conditional to
causal generative modeling59–64. While conditional models learn p(x∣y) and
support conditional simulation of spectra, they do not capture interven-
tional distributions p(x∣do(y)). Causal generative models could disentangle
the effects of aging and disease, prevent implausible manipulations of cor-
related covariates, and simulate true counterfactual outcomes, such as life-
style or medication changes. This transition requires specifying a structural
causal model (SCM) over demographic, clinical, and latent variables; con-
straining decoder dependencies to causal parents (e.g., through masked
conditioners or modular decoders); exploiting longitudinal and negative-
control data for identifiability; and validating predictions against observed
pre-post changes. Bayesian or ensemble-based decoders could further
quantify uncertainty in interventional scenarios.

With these extensions, synthetic IMF data could evolve from a data-
augmentation tool into a platform for controlled in-silico phenotyping.
Such models would enable virtual cohort simulations, systematic stress-
testing of analytical pipelines, and exploration of howmodifiable risk factors
influence spectral fingerprints. Expanding the conditioning space, inte-
grating multimodal foundation-model paradigms, and introducing causal
modeling directly address current limitations and represent key steps
toward trustworthy, actionable synthetic cohorts in precision health.

Methods
Sample collection
This study drew on data from a large-scale longitudinal cohort consisting of
participants who self-reported as healthy at the time of recruitment (study
code: H4H_HU_2020_Sample Collection; ethics approval reference: 2754-
11/2020/EÜIG). Informed consent was obtained from all participants prior
to blooddraw.The studywas conducted in accordancewith theprinciples of
the Declaration of Helsinki. As part of the study protocol, IMFs were
acquired at the laboratory of the Center of Molecular Fingerprinting in
Szeged, Hungary.

Sample handling and FTIR measurements
As part of this study, EDTA plasma samples were collected at 20 study
centers across Hungary, following harmonized protocols for blood collec-
tion and processing. The resulting plasma was divided into 8–10 aliquots of
0.5mLeach and storedat−80 ∘C.A secondaliquotation stepwasperformed
centrally in Szeged, Hungary: one 0.5 ml aliquot per sample was thawed,

gently mixed for 30 seconds, and centrifuged. From this, four 90 μl mea-
surement aliquots were prepared and subsequently refrozen at−80 ∘C. For
the FTIRmeasurements, these aliquots were thawed again, resulting in two
freeze-thaw cycles before FTIR analysis.

All FTIR measurements were conducted in a fully randomized and
blinded manner. The operators performing the measurements had no
access to clinical information or sample identities. A commercial FTIR
instrument specifically designed for liquid samples in transmission mode
was used for all analyses (MIRA Analyzer, version MA7; CLADE GmbH,
formerly Micro-Biolytics GmbH).

Spectra were recorded using a flow-through transmission cuvette with
CaF2 windows and an 8 μm optical path length. Data were acquired at a
resolution of 4 cm−1 across a spectral range of 930-3050 cm−1. A water
reference spectrum was automatically collected after each sample to
reconstruct absorbance spectra. Although the manufacturer’s algorithm for
this correction is not disclosed, it is known to overcompensate for highly
concentrated samples like humanplasma. The effective path lengthwas also
determined automatically and used for spectral adjustment. The MIRA-
Analyzer does not provide access to raw measurements but only to the
water-compensated absorbance spectra.

Samples were processed in batches of 28, with DMSO2, water, and
pooled human serum (BioWest, Nuaillé, France) included as quality con-
trols, yielding a total of 34 samples per batch. The BioWest quality control
samples enabled tracking of analytical variation and instrument stability
over time.

Data preparation and preprocessing
Measured spectra were truncated to 1000 cm1 to 3000 cm1 to remove noisy
regions caused by the low transmittance of CaF2 below 950 cm−1 and the
high water absorption above 3000 cm−1. In addition, the uninformative
region (so-called silent region) between 1800 cm1 and 2800 cm1 was
removed. We finally applied ℓ2 normalization to the truncated spectra to
standardize the scale across samples and scaled the retained absorbance
values of each wavenumber by standard scaling (z-scoring) fit on the train
data set to normalize the feature distributions. This pipeline follows prior
work21,24,29,30,36,57.

Covariateswere preprocessed separately.We applymin-max scaling to
the covariates (age and BMI), as these variables are naturally bounded and
do not exhibit extreme outliers in our dataset, while sex was encoded
∈ {0, 1}. All three were then mapped to d-dimensional positional
encodings49,65,66:

PEðpos; 2iÞ ¼ sin
pos

B2i=d

� �
; PEðpos; 2iþ 1Þ ¼ cos

pos

B2i=d

� �
; ð3Þ

with i∈ {0,…, d/2} and B as the frequency base. Because age and BMIwere
min-max scaled to [0, 1], we used B = 0.1, yielding a frequency range better
matched to the dynamic range of the covariates. This fixed, non-learned
encoding supports unseen continuous values (e.g., new ages/BMIs) and
provides a richer input than scalars. Python implementations used
PyTorch.

Modeling background
Let D ¼ fxðnÞgNn¼1 denote spectra drawn from unknown p(x). Generative
models learn a mapping from a simple prior (e.g., Gaussian) to the data
space, approximating p(x)67. We consider conditional variants of the
VAE47,48, BEGAN45,46, and diffusion model49 that incorporate covariates y.
All models were trained on an NVIDIA A40 GPU.

Conditional VAE
The CVAE comprises an encoder and decoder (Fig. 5). The inference fac-
torizes as

qϕðx; y; zÞ ¼ qϕðzjx; yÞ qðx; yÞ; ð4Þ
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and generation as

pθðx; y; zÞ ¼ pθðxjz; yÞ pðzÞpðyÞ; ð5Þ

with Gaussian p(z). The ELBO is

LCVAE ¼ α Eqϕðzjx;yÞ log pθðxjz; yÞ
� �� β KL qϕðzjx; yÞ k pðzÞ

� �
; ð6Þ

reducing to MSE reconstruction and closed-form KL under diagonal
Gaussians.

Mitigating latent space collapse. To avoid degenerate solutions with
negligible KL and uninformative z68, we use cyclic annealing of β ∈ [0, 1]
with a logistic schedule. Early epochs emphasize reconstruction (small β);
later epochs regularize the latent space (larger β), alternating to balance
both objectives. See training curves in Figure S11a (Supplementary).

Training CVAE: hyperparameters. We trained for 500 epochs with
Adam (10−3 learning rate), α = 10, cyclic β with 50-epoch period, and
positional encoding dimension d = 20. Encoder/decoder: three linear
layers; the encoder branches to mean and log-variance heads. ELU
activations except for mean/log-variance and decoder output. Batch size:
524. Hyperparameters were tuned with optuna69.

Conditional BEGAN
The CBEGAN comprises a generator and discriminator (Fig. 6). Given
(x, y) ~ q(x, y) and n � N ð0; IÞ, the generator Gθ(n∣y) produces x0. The
discriminator Dψ( ⋅ ∣y) is an autoencoder with reconstruction loss

LCAEðvjyÞ ¼k v � DψðvjyÞk1; v 2 fx; x0g: ð7Þ

CBEGAN enforces the matching of real and generated reconstruction-loss
distributions by updating

LD ¼ LCAEðxjyÞ � kt LCAEðGθðnjyÞÞ; ð8Þ

LG ¼ LCAEðGθðnjyÞÞ; ð9Þ

ktþ1 ¼ kt þ λk γLCAEðxjyÞ � LCAEðGθðnjyÞÞ
	 


; ð10Þ
with diversity ratio γ ∈ [0, 1]45,46.

Training CBEGAN: hyperparameters. We trained for 500 epochs with
Adam (initial learning rate 10−4, cosine annealed to 10−6)70,71. Following42,
the discriminator was pretrained for 10 epochs. We set λk = 0.001 and
γ = 0.9. Batch size: 32. Hyperparameters were tuned with optuna69.
Training curves are in Figure S11b (Supplementary).

Conditional diffusion model
CDIFF is based on a denoising diffusion probabilistic model with classifier-
free guidance50. It consists of a noise-conditioned network ϵθ(xt, y, t) that
predicts the Gaussian noise added to data at diffusion step t (Fig. 7). The
forward (diffusion)process progressively corrupts datax0 ~q(x∣y) intonoise
via

qðxtjx0Þ ¼ N xt ;
ffiffiffiffi
�αt

p
x0; ð1� �αtÞI

	 

; ð11Þ

where f�αtgTt¼1 is a predefined variance schedule derived from a cosine
schedule. Sampling from this process can be written as

xt ¼
ffiffiffiffi
�αt

p
x0 þ

ffiffiffiffiffiffiffiffiffiffiffiffiffi
1� �αt

p
ϵ; ϵ � N ð0; IÞ: ð12Þ
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The model is trained to predict ϵ from (xt, y, t) using a reweighted mean
squared error objective

LCDiff ¼ Et;x0 ;ϵ
wt k ϵ� ϵθðxt ; y; tÞk22
� �

; ð13Þ

wherewt is a signal-to-noise ratio (SNR)-basedweighting term. Specifically,
using SNRt ¼ �αt=ð1� �αtÞ, we apply the min-SNR weighting72

wt ¼ minðSNRt ;5Þ
SNRt

; ð14Þ

which stabilizes training by down-weighting high-SNR (low-noise)
timesteps. After training the sampling was performed using DDPM49.

Classifier-free guidance. To enable conditional generation without an
explicit classifier, we employ classifier-free guidance by randomly
dropping conditioning labels during training with probability puncond. At
inference, conditional and unconditional predictions are combined as

ϵ̂ ¼ ϵθðxt ;+; tÞ þ γ ϵθðxt ; y; tÞ � ϵθðxt ;+; tÞ	 

; ð15Þ
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where γ is the guidance scale controlling the strength of conditioning and
+ indicates unconditional prediction. The concrete choice for γwas based
on Fig. S3d.

Architecture. The noise predictor ϵθ is implemented as a multi-layer
perceptronwith residual connections and feature-wise linearmodulation
(FiLM). Inputs consist of: (i) the noisy spectrum xt, (ii) a sinusoidal
embedding of timestep t, and (iii) a positional encoding of conditioning
variables y. These embeddings are combined and injected into the net-
work via FiLM conditioning73.

Training CDIFF: hyperparameters. We trained for 553 epochs (early-
stopping with a patience of 50 epochs) using AdamW with learning rate
8 × 10−4, weight decay 10−3, and cosine learning rate scheduling with
linear warmup (500 steps). The diffusion process used T = 128 timesteps
with a cosine variance schedule, details on which are shown in Fig. S3.
The network employed six FiLM-residual layers with hidden dimension
700, timestep embedding dimension 42, and positional encoding
dimension 24. Classifier-free guidance used puncond = 0.2. Exponential
moving average (EMA) of parameters was applied with decay 0.9. Batch
size was 128. Hyperparameters were tuned with optuna69. Training
curves are shown in Figure S11c (Supplementary).

Neighbor analysis for assessing risk of privacy leakage
For each sample in each test set X̂i with i∈ {real, CVAE,CBEGAN,CDIFF},
we calculated the Euclidean distance to the nearest neighbor in the training
set Xtrain. For a sample x 2 X̂i, the nearest-neighbor distance is defined as

dNNðx;XtrainÞ ¼ min
z2Xtrain

kx � zk2: ð16Þ

fdNNðx;XtrainÞgx2X̂i
for each dataset. The same procedure was applied to

samples from the held-out real test set, producing the reference
distribution Dreal.

To assess the extent to which synthetic samples lie unusually close to
training examples, we computed the NNPS. Following previous work on
privacy assessment in generative models, NNPS is defined as the fraction of
synthetic samples whose nearest-neighbor distance to the training set is
smaller than the corresponding distance observed for real test samples53:

NNPSi ¼ 1
N

PN
n¼1 dðreal;nÞNN > dði;nÞNN

� �
; ð17Þ

where N denotes the number of samples. An NNPS value of 0.5 indicates
that synthetic samples are, on average, no closer to the trainingdata than real
held-out samples. Values substantially larger than 0.5 suggest that generated
samples tend to be closer to training observations, which may indicate
memorization and an elevated risk of privacy leakage. Conversely, values
below 0.5 indicate that generated samples are generally farther from the
training set than real test samples.

Uncited figures/tables
Label missing in caption for figures/Tables: apx:classification_tasks

Data availability
All rights to the blood measurements used in this study are reserved by the
Center for Molecular Fingerprinting Research Nonprofit LCC (company
registration number: 01-09-344208). Data may be requested by contacting
the corresponding author. Python implementations and trainedweights for
CBEGAN and CVAE are available on GitHub (https://github.com/Data-
Science-Group-Attoworld/in-silico-infrared-modeling).

Code availability
Python implementations and trained weights for CVAE, CBEGAN and
CDIFF are available onGitHub74 (https://github.com/Data-Science-Group-
Attoworld/in-silico-infrared-modeling).
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