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Abstract

Purpose:
Access to high-quality clinical data is constrained by privacy regulations and institutional governance, limiting collaborative research and reproducible clinical
AI. Although synthetic data have emerged as a promising solution, their adoption depends on rigorous validation of statistical fidelity, clinical utility, and
privacy protection. Here, we propose a clinical validation framework and evaluate whether synthetic acute myeloid leukemia cohorts can support clinically
meaningful analyses and improve survival prediction through training-set augmentation.

Material and Methods:
We developed a tailored Variational Autoencoder (VAE) to generate synthetic AML cohorts from the UK NCRI cohort, integrating genomic, cytogenetic, and
longitudinal clinical data. Synthetic cohorts were evaluated for statistical fidelity, clinical utility, and privacy protection using a DOMIAS membership-inference
attack. We then assessed whether they reproduced clinically meaningful analytical workflows—including molecular clustering, survival analysis, and
multistate modeling—and whether synthetic cohorts improved survival prediction on independent real-world patients.

Results:
The synthetic cohorts faithfully reproduced the genomic, clinical, and longitudinal characteristics of the original AML cohort, including mutational profiles,
molecular clustering, survival patterns, and multistate disease trajectories. Privacy assessment showed no evidence of patient-level leakage under a DOMIAS
membership-inference attack. Synthetic training cohorts improved survival prediction on independent real-world patients while increasing the stability of
predictive performance.

Conclusions:
Synthetic AML cohorts generated using a tailored VAE can support clinically meaningful analytical workflows while preserving patient privacy. Under specific
circumstances, synthetic patients can improve survival prediction on independent data and the stability of predictive models. More broadly, our validation
framework provides a practical strategy for establishing trust in synthetic clinical data and facilitating their adoption in clinical AI and translational research.

Context summary
Key Objective:

To demonstrate that synthetic multimodal AML datasets integrating NGS mutations, cytogenetic abnormalities, and longitudinal clinical outcomes can
reproduce clinically meaningful analyses while preserving patient privacy and improving survival prediction on independent real-world patients.

Knowledge Generated:

Synthetic cohorts generated using a tailored variational autoencoder faithfully reproduced the genomic, clinical, and longitudinal characteristics of the
original AML cohort, including mutational profiles, molecular clustering, survival patterns, and multistate disease trajectories, while showing no evidence of
patient-level leakage under membership-inference attacks. When used for training-set augmentation, synthetic patients improved survival prediction on
independent real-world patients and increased the stability of predictive performance.

Introduction
Advancements in medical research and clinical artificial intelligence (AI) rely heavily on access to high-quality patient data. However, acquiring such data is
costly, harmonizing datasets across institutions is often difficult, and the sensitive nature of patient information imposes strict privacy regulations that limit
data sharing and hinder collaborative research. Synthetic datasets offer a potential solution 1,2,3. Synthetic datasets—artificial patient-level records generated
by statistical or machine-learning models—have emerged as a promising approach to overcome these barriers.

These models learn the joint distribution of patient-level information from heterogeneous sources and generate new samples that resemble the original data
without corresponding to any individual patient. As a result, synthetic data can be shared more freely across the scientific community while avoiding many of
the regulatory and ethical constraints associated with real patient data.

To benefit from this technology, rigorous validation is essential. Most existing validation approaches emphasize statistical similarity between real and
synthetic data, whereas considerably less attention has been devoted to validating their ability to support clinically meaningful analyses. Synthetic datasets
must accurately reproduce the statistical and clinical properties of the original data, while also meeting acceptable privacy standards, since synthetic data
are not intrinsically immune to re-identification risks. When properly validated, synthetic data can serve as surrogates, or even complements, to real data in
downstream applications such as predictive modeling, clustering, and survival analysis. Recent work has also suggested that synthetic data may improve
predictive performance by increasing the effective training set size and enhancing significant patterns, thus allowing the predictive model to better improve
its performances.
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A rigorous validation process is therefore required before synthetic data can be used in biomedical research. Validation should establish not only that
synthetic data faithfully represent the statistical and clinical characteristics of the source population, but also that they provide adequate protection against
patient re-identification. Once these requirements are satisfied, synthetic cohorts can support downstream analyses such as clustering, survival modeling,
and disease-trajectory analysis. In addition, replacing real training cohorts with synthetic patients has recently emerged as a promising strategy for improving
the robustness and predictive performance of clinical AI models.

Cancer provides an ideal setting for evaluating synthetic clinical data because robust AI models require large cohorts that capture the substantial biological
and clinical heterogeneity of individual tumor entities. Acute myeloid leukemia (AML) represents a particularly demanding benchmark because prognosis
depends on the integration of genomic alterations, cytogenetic abnormalities, and longitudinal disease trajectories, making faithful synthetic data generation
especially challenging. In this study, we present a clinical validation framework based on replicating domain-specific analyses in synthetic data. We
generated synthetic multimodal AML cohorts from the UK-NCRI AML4,5,6,7 dataset using a tailored implementation of a Variational Autoencoder (VAE)8,9,
after observing that several open-source synthetic data generators were unable to reproduce basic statistical characteristics of the cohort. The resulting
synthetic datasets are then evaluated using a clinically meaningful analytical workflow that includes clustering, survival analysis, and multistate model fitting.
For survival analysis, we further evaluated whether synthetic cohorts improved prediction on an independent real-world validation cohort, with respect to the
real data used for generating mentioned synthetic data. By comparing results across these complementary analyses, we assess the fidelity and limitations of
the synthetic cohorts. We demonstrate that task-specific validation, combined with privacy assessment, provides a practical framework for establishing trust
in synthetic clinical data. The synthetic cohorts were evaluated along three complementary dimensions: (i) privacy preservation, (ii) preservation of clinically
meaningful disease structure, and (iii) utility for downstream predictive modeling.

Methods
In this section we describe the original data used to train the VAE, outline the implementation of the generative model, and detail the procedures used to
assess privacy risk. We also report the statistical and clinical analyses, including clustering, survival modelling, and multistate model fitting, used to evaluate
the statistical fidelity, clinical utility, and privacy of the synthetic cohorts.

Real AML cohort: UK-NCRI
The real dataset used to train our model originates from the UK-NCRI cohort, as compiled and annotated by Tazi et al. 4 to which we refer for full details on
data acquisition and curation. The dataset used in this study is provided in tabular form and includes 2,017 patients. Each patient is represented by 70
recurrent cytogenetic abnormalities (frequency > 1%) and 84 recurrent gene mutations, each encoded as a binary variable indicating presence or absence.

In addition to baseline genomic information, each patient is described by six time-to-event variables representing transitions across possible disease states.
The recorded time-to-event outcomes include overall survival, complete remission, relapse, death without remission, death in remission, and death in relapse.
Together, these variables define longitudinal patient trajectories that can be represented within a multistate framework. Following Tazi et al.4 We adopted a
Markovian multistate model, assuming that transition intensities depend solely on a patient’s current state rather than prior clinical history. Additional details,
the full transition matrix of the multistate model, are provided in Supplementary Section 1.

Tailored VAE model

We implemented a Variational AutoEncoder (VAE)8,9 to generate synthetic AML cohorts integrating genomic, cytogenetic, and longitudinal clinical
information. Real-valued variables were reconstructed using a softmax-based output layer, whereas binary variables were reconstructed using a 0.5
threshold.

The model structure was tailored to accommodate the mixed genomic, cytogenetic, and longitudinal time-to-event variables of the dataset. The encoder
mapped each patient record into a low-dimensional latent representation, parameterized by mean and variance vectors. The decoder then reconstructed
patient-level features from samples drawn from the latent distribution.

A key methodological innovation of our approach is the use of long-format encoding for longitudinal survival data. Although long-format representations are
routinely used for fitting multistate survival models, to our knowledge they have not previously been incorporated into the training of generative models for
synthetic clinical data. Encoding patient trajectories in this form substantially reduced the generation of synthetic patients with biologically implausible state
transitions, thereby improving the clinical consistency of the generated cohorts. This design choice was essential for preserving disease trajectories in the
downstream multistate analyses.Additional technical details are provided in Supplementary Section 2.

Privacy risk assessment:
The primary privacy risk associated with synthetic data is the possibility that a generative model memorizes individual training records. We therefore
evaluated privacy using Membership-Inference Attacks (MIAs), which aim to determine whether a specific individual was included in the model training set10.
We implemented density estimators to compare the distributions of real and synthetic data, enabling the identification of potential overfitting—a known issue
in complex neural network models that can increase privacy risk. To simulate a MIA, the generative model is trained on a subset of the real data (Rtrain) and
used to generate two sets of synthetic samples (S and Stest). The attacker is assumed to have access..to all the synthetic data (S + Stest), as well as some
background knowledge of the real-data distribution, obtained through publicly available datasets of the same type (R�ₚₑₙ).
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In our analysis, we focus on the mutational profiles of each patient. Dimensionality was reduced to two principal components using PCA before using the
DomiasMIAKDE11 class from the Synthcity package12 that implements MIA using kernel density estimators.

Gaussian kernel density estimators (KDEs) are used to estimate the distributions of S and R�ₚₑₙ, yielding density functions d(S) and d(R�ₚₑₙ). The attacker
attempts to classify the union of Rₜrₐiₙ and Sₜₑₛₜ by examining a monotonic function of the density ratio d(S)/d(R�ₚₑₙ). Regions where this ratio is greater

than 1 (d(S)/d(R�ₚₑₙ) > > 1) indicate potential over-representation of specific profiles in the synthetic data, suggesting that the generative model may have
memorized training-set patients. Based on this ratio, the attacker constructs a classifier to infer whether a given sample belongs to Rₜrₐiₙ.

Evaluating this classifier on (Rₜrₐiₙ + Sₜₑₛₜ) yields accuracy and AUC values, where lower accuracy corresponds to better privacy protection. This analysis
quantifies whether the synthetic cohorts retain identifiable information about individual patients contained in the training data. Throughout the study, privacy
assessment was considered jointly with statistical fidelity and clinical utility, reflecting the three complementary dimensions of trustworthy synthetic data.

Survival analysis
We evaluated whether synthetic cohorts preserved predictive information relevant for survival modelling and whether they could improve prediction through
training-set augmentation. The primary endpoint of the survival analysis was generalization performance on previously unseen real patients. Survival models
were trained on real and synthetic training cohorts and evaluated exclusively on independent held-out real patients that were never used during generative
model training.13 Survival models were fitted using penalized Cox proportional hazards regression with elastic-net regularization (lifelines, CoxPHFitter)14.
The elastic-net mixing parameter was fixed at 0.5, whereas the regularization strength was optimized by cross-validation. To avoid information leakage,
synthetic cohorts were generated independently within each training partition of the cross-validation procedure. Consequently, the independent held-out real
patients used for model evaluation were never used either to train the VAE or to fit the survival model. This design ensured a strict separation between
synthetic data generation, model development, and model evaluation.

Clustering with Dirichlet multistate model

Over the past decade, the Hierarchical Dirichlet Mixture Model (HDMM) 4, 15, 16, 17 has become a widely adopted Bayesian frameworkfor identifying molecular
subtypes in onco-hematology. This Bayesian model automatically determines the optimal number of components (clusters) and provides a probabilistic
characterization of each component. Each component is characterized by a vector of feature weights that defines its molecular signature. Mutations with the
highest weights typically correspond to putative driver alterations, whereas individual patients are assigned deterministically to the component with the
highest posterior probability.HDMM was selected because it represents the current reference approach for molecular stratification of AML and therefore
provides a clinically meaningful benchmark for evaluating synthetic cohorts.Our implementation of HDMM Our implementation closely follows that of Tazi et
al.4 The model was fitted using 10 independent MCMC chains.For each chain, we discarded the first 5000 iterations to ensure that each chain has converged.
The outcome of the 10 MCMCs was merged, collapsing components with a cosine similarity greater than 0.95. Mutations with fewer than five occurrences
were excluded, as rare events are known to introduce convergence issues in the HDMM. Patients with no informative mutations were assigned to a “no
useful mutation” cluster. Each resulting component is represented by a vector of probabilities (weights) over the genetic features. To obtain the clusters,
each patient is assigned to the highest projection value component. Patients with identical posterior probabilities across components were assigned to an
"Unclassified" cluster.Because HDMM determines the number of clusters directly from the data, independently fitted real and synthetic cohorts contained
different numbers of components. Correspondence between components was therefore established through a dedicated alignment procedure described in
Supplementary Section 4.

Results

Synthetic Data Generation and Model Selection
To generate synthetic data, we trained VAE models on the UK NCRI cohort until convergence of the reconstruction loss., (e.g.when the loss function reached
a plateau). During training, we monitored synthetic-data quality using marginal distributions, mutation-per-patient patterns, and survival-time distributions.
These metrics were also used to compare our VAE with two open-source models based on Generative Adversarial Networks (GAN models: CopulaGAN and
CGAN), which failed to reproduce several key statistical and clinical characteristics of the real cohort. In contrast, the VAE reproduced all the evaluated data
characteristics with close agreement with the real cohort, although some fluctuations around the optimum were observed. To mitigate this variability, we
trained ten independent VAE models with identical architecture but different random seeds. For privacy and clustering analysis, we used either all ten
synthetic cohorts or the cohort generated by the best-performing model, selected based on marginal-distribution similarity. For survival analysis, a different
training strategy was used in order to isolate real testing patients. Additional details on convergence, benchmarking, and model selection are provided in
Supplementary Section 3. These results indicate that the tailored VAE was substantially more capable than GAN-based alternatives at learning the complex
joint distribution of the AML cohort, supporting its use as the backbone of the synthetic-data pipeline.

Privacy Validation
We evaluated MIA performance using the DOMIAS KDE-based approach. For each of the ten VAE models, synthetic data were split into S and Sₜₑₛₜ, while the
held-out validation cohort served as R�ₚₑₙ. KDE models were then trained on S and R�ₚₑₙ and used to classify the union of Sₜₑₛₜ and Rₜrₐiₙ. Across ten
synthetic cohorts generated by the ten models that we trained, the mean AUC was 0.507 (SD = 0.009) and the mean accuracy was 0.504 (SD = 0.002).
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Membership-inference performance was indistinguishable from random guessing, suggesting that the synthetic data do not reveal training-set membership
and therefore meet acceptable privacy safeguards.

Survival Analysis
We evaluated survival prediction performance on different training cohorts, real and synthetic (generated using the VAE) ones. For each cohort, five Cox
models were trained using five-fold cross-validation. When synthetic data were used to train the Cox models, they were generated by generative models
trained exclusively on the four training folds of the real dataset. The Cox model trained on the resulting synthetic data was then evaluated on the held-out real
data fold. The performance results are summarized in Fig. 1. Using training data composed by synthetic patients consistently improved survival prediction on
independent held-out real patients. Since we are using synthetic data, cohort size is not constrained by the availability of real patients. Therefore, we
evaluated the predictive potential of synthetic cohorts containing 10 times and 100 times more patients than the original real training cohort, and we
observed a further increase in the C-index. Models trained on synthetic data systematically outperformed those trained on real data when the two cohorts
had the same size. As the size of the synthetic cohort increased, we observed a further improvement in predictive performance (10× synthetic cohort).
However, this improvement did not appear to be unlimited; instead, it plateaued when the cohort size was increased by another order of magnitude (100×
synthetic cohort). These findings suggest that increasing synthetic cohort size yields diminishing returns beyond a certain point. Under these conditions, the
average predictive performance was comparable to that observed with the 10× cohort, although we also observed a noticeable increase in the variability
across models trained on different fold partitions.

Represents predictive accuracy (C-index) evaluated from Cox models trained on different train sets and tested on held out real data. We trained survival
models on real data (excluding the subset of them used as test set), on fully synthetic data (in the same amount as the real train set) and on larger synthetic
cohorts (10 and 100 times the real one). Cox models have been trained using a 5 fold cross validation that yields 5 different models for each training set, one
for each training set partition. The same fold partition used for real data was used to determine the training sets for VAE models and the real held out test set
for the Cox models trained on synthetic data obtained from VAEs. In this plot, we report the C-indexes obtained from testing each model on held out patients.

Dirichlet Clustering Consistency
We evaluated whether the synthetic cohorts preserved the molecular structure of AML by applying HDMM clustering. Real-data components were used as
the reference, and both real and synthetic patients were assigned to these components (Fig. 2). Figure 2 shows that, across the ten synthetic cohorts
generated by the ten models trained independently, cluster-membership variability remained within the synthetic standard deviation for all clusters except
“No useful mutations,” which inherently displays higher heterogeneity.

Represents real (blue) and synthetic (orange) cohort distribution among components obtained fitting the HDMM on real data. For each cluster, we report the
proportion it represents and, for the synthetic population, the standard deviation obtained by repeating the assignment with cohorts obtained from 10
different generative models trained with the same set up and different initial conditions.

Next, we fitted HDMM directly to synthetic data obtained from the best generative model and compared the resulting components (in this case 11
components, plus “unclassified” and “No useful mutations”) to those learned from the real cohort. Assigning real patients with real-derived and synthetic-
derived components allowed us to establish clear correspondences between clusters (details in Supplementary Section 4 and Supplementary Fig. 6). The top
five highest-weight mutations of each real component (Table 1) were predominantly preserved among the most weighted mutations of the corresponding
synthetic components (Table 2). One exception was real Component 7, whose defining mutations were dispersed across several synthetic components.
However, based on real patient assignment patterns, we identified synthetic Component 4 as its closest analogue. This is consistent with the observation
that most patients in synthetic Component 4 originated from real Component 2, with which Component 7 shares several defining mutations. Patients left
unclassified by real components are predominantly assigned to the synthetic component 6, while patients unclassified with synthetic components come
mainly from real component 1 and 2 .Overall, the synthetic cohorts preserved the major molecular subtypes of AML, with discrepancies confined primarily to
rare or highly heterogeneous components. Minor discrepancies occur for rare or heterogeneous components, but overall cluster fidelity is strong.
Importantly, the preserved components corresponded to clinically established AML genomic subtypes, including NPM1/FLT3-mutated AML18,
TP53/complex-karyotype AML19, CEBPA-bi mutated AML20, RUNX1/SRSF2-related myeloid phenotypes18, and core-binding factor leukemias characterized by

inv(16) or t(8;21)21. These molecular subtypes are associated with distinct prognostic groups and therapeutic strategies, indicating that the synthetic cohorts
preserve clinically actionable genomic structure.(add references). The defining genomic alterations of favorable-, intermediate-, and adverse-risk AML
subtypes were consistently recovered in the synthetic cohorts (Tables 1 and 2).

Table 1
Real cohort most weighted mutations for each component obtained from HDMM fit on real data. Column colors match those of Table 2 in

order to highlight components correspondence.
Real components Comp. 1 Comp. 2 Comp. 3 Comp. 4 Comp. 5 Comp. 6 Comp. 7 Comp. 8

Defining mutations NPM1 SRSF2 complex t(8;21) inv(16) CEBPA_bi SF3B1 KMT2C

Defining mutations DNMT3A RUNX1 TP53 -Y NRAS_p.Q61-62 GATA2 inv(3) BAGE3

Defining mutations ITD TET2 − 5 KIT KIT TET2 − 7 GATA2

Defining mutations TET2 ASXL1 − 7 − 9 KRAS WT1 NRAS_p.G12-13 PTPN11

Defining mutations IDH2_p.R140 DNMT3A − 17 ASXL2 NRAS_ p.G12-13 KIT PTPN11 KIT
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Table 2
Most weighted mutations for each component obtained from HDMM fit on synthetic data. The top row of the table refers to Table 1 header, specifying the
correspondence between real and synthetic components. Also table colors are meant to highlight the correspondence with Table 1. Synthetic component

number 6 collects most of the patients which are considered “Unclassified” in real clustering. This can be seen in the Sankey plot in supplementary materials
(Supplementary Fig. 6).

Associated
real
component

Comp. 1 Comp.
2

Comp. 3 Comp.
2 e 7

Comp. 5 Unclassified Comp. 2 Comp. 2 Comp.
4

Comp.
6

Comp.
8

Synthetic
component

Comp. 1 Comp.2 Comp. 3 Comp.
4

Comp. 5 Comp. 6 Comp. 7 Comp. 8 Comp.
9

Comp.
10

Comp.
11

Defining
mutations

NPM1 SRSF2 complex ASXL1 inv(16) DNMT3A DNMT3A + 8 t(8;21) CEBPA BAGE3

Defining
mutations

ITD RUNX1 TP53 RUNX1 + 8 RUNX1 IDH2_p.R172 complex -Y GATA2 KMT2C

Defining
mutations

DNMT3A TET2 − 5 SRSF2 KIT MLL EZH2 + 21 − 9 WT1 SF3B1

Defining
mutations

PTPN11 ASXL1 − 7 SETBP1 FLT3_TDK ITD RUNX1 RUNX1 ASXL2 − 9 t(1;16)

Defining
mutations

IDH2_p.R140 STAG2 − 17 TET2 NRAS_p.Q61
62

U2AF1_p.S34 ASXL1 DNMT3A KIT NFE2 inv(3)

Multistate Model Comparison
To assess whether the synthetic cohorts preserved longitudinal disease trajectories, we compared multistate models fitted to the real cohort with those
fitted to the synthetic cohort generated from the best-performing VAE. Cumulative baseline hazards for all transitions are shown in Fig. 3.

To test for systematic deviations, we pooled real and synthetic data and performed, for each transition, a likelihood-ratio test comparing a Cox model (Coxph
22, 23, 24) with no covariates to a model including a covariate indicating data origin (real vs. synthetic). All likelihood-ratio tests were non-significant (all P > > 
0.05).

These findings indicate that the synthetic cohorts faithfully preserve longitudinal disease dynamics, supporting their use for trajectory-based clinical
analyses.. Preserving multistate dynamics is substantially more demanding than reproducing marginal variable distributions because it requires maintaining
the temporal relationships among clinical events.

Represents cumulative baseline hazard of the five transitions with a confidence interval of 95%. Blue and orange curves represent results obtained from,
respectively real and synthetic data. In the bottom right panel, we represent the multistate transition map.

Discussion
This study presents a clinical validation framework for evaluating synthetic patient cohorts and demonstrates its application to acute myeloid leukemia.
Using this framework, we show that synthetic cohorts generated with a tailored VAE preserve clinically meaningful genomic structure, longitudinal disease
trajectories, and predictive information while maintaining acceptable privacy protection.

The comparison with synthetic data obtained by GAN-based models proved that the VAE model was more suitable for reproducing real data patterns. We
subsequently evaluated the utility of the data generated by VAE through clustering, survival analysis, and multistate model fitting. Across all analyses, VAE
synthetic data reproduced key statistical and clinical properties of the real cohort and the domain inference attack that was simulated yields re identification
performances close to random guessing, proving privacy safety of the synthetic cohort.

The most important practical finding of this study is that synthetic patients cohorts improve survival prediction on independent real patients. In survival
modelling, synthetic data trained models yielded, on average, higher C-index values than models trained on real data. For two of these training strategies
(Synthetic Data and Synthetic Data ×10), we also observed a reduced variance in the C-index distribution across different fold partitions. Although the model
trained on the 100× synthetic cohort outperformed the real-data model on average, its performance was considerably more unstable, showing much greater
variability across fold partitions. When comparing the different fold partition results, we also observed a pattern common to all survival models: models
trained on the real training set of fold partition 3, or on synthetic data generated from the corresponding training set, consistently yielded lower predictive
performance on the real test set, compared to models associated with the other partitions. An equally important observation is that synthetic cohorts
faithfully reproduced not only informative biological patterns but also biases present in the original training data, illustrating that generative models preserve
both informative biological patterns and cohort-specific limitations. This observation highlights the importance of validating synthetic cohorts before
downstream use rather than assuming that synthetic generation inherently improves data quality. We further investigated how increasing synthetic cohort
size influenced predictive performance of Cox models on real data. When using a synthetic cohort of the same size as the real one, we observed an increase
in the average C-index together with a substantial reduction in the standard deviation of its distribution. This improvement was mainly driven by the increase
in predictive performance on the test set of partition 1. Increasing the size of the synthetic cohort by a factor of 10 further improved the average C-index
while maintaining a similar standard deviation. This suggests that, to fully exploit the potential of generative models, synthetic cohorts should be larger than
the original real cohort. This is likely due to the generalization capability of the generative model, which can generate new patients that are not present in the
original training set but remain consistent with the underlying data distribution, thereby improving predictions on the held-out real test sets. Increasing the
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synthetic cohort size by a factor of 100 did not produce any meaningful improvement in the average C-index, but substantially increased the variability in
predictive performance across fold partitions. This suggests that predictive performance reaches a plateau beyond a certain synthetic cohort size, whereas
its variance across fold partitions continues to increase. A plausible explanation is that not all additional synthetic patients generated by the model remain
equally consistent with the underlying data distribution, particularly when the training set contains biases, as observed for partition 3. In such cases, the
generative model may amplify these biases. This effect appears to be independent of cohort size, as partition 3 consistently produced the poorest results.
However, the sensitivity of the Cox models to this bias appears to depend on the size of the synthetic cohort. In particular, the Cox model trained on the x100
synthetic data generated from partition 3 and evaluated on the corresponding real test set appears to be more strongly affected by the partition-specific bias,
likely because the larger number of synthetic patients carrying this bias cannot be sufficiently mitigated by the regularization terms (L1 + α × L2).

Clustering analyses further supported the fidelity of the synthetic cohort. HDMM components derived from real data were able to group synthetic patients in
patterns consistent with those observed in the original cohort, indicating preservation of biological structure. Moreover, components inferred directly from
synthetic data highlighted sets of high-weight mutations that closely matched known driver alterations in the real cohort. These findings further support that
synthetic data may contribute meaningfully to exploratory analyses, including subtype identification and driver gene discovery.

From a clinical perspective, preservation of AML molecular structure is particularly relevant because modern AML risk stratification heavily depends on
recurrent genomic alterations. The synthetic cohorts retained major mutation-defined entities associated with favorable, intermediate, and adverse
prognosis, including

including NPM1/FLT3-mutated AML18, TP53/complex-karyotype AML19, CEBPA-bi mutated AML20, RUNX1/SRSF2-related myeloid phenotypes18, and core-
binding factor leukemias characterized by inv(16) or t(8;21)21. These entities are clinically actionable because they guide treatment intensity, transplant
decisions, and prognostic assessment. The ability of synthetic data to preserve these relationships suggests that such cohorts may support exploratory
biomarker analyses and methodological development without requiring unrestricted access to sensitive patient-level datasets.

Multistate modelling demonstrated additional concordance between real and synthetic data. Cumulative baseline hazards for all transitions were broadly
compatible, and likelihood-ratio testing showed no significant differences between models that included versus excluded a covariate indicating data origin.
These results imply that the synthetic cohort can reproduce clinically meaningful disease trajectories within a multistate framework.

Our results suggest that trustworthy synthetic clinical cohorts should be evaluated across three complementary dimensions: statistical fidelity, clinical utility,
and privacy protection. Together, these findings illustrate that synthetic data can support complex analytical workflows, although with some limitations. Here
we summarize the main strengths and limitations emerging from our analyses. First, the synthetic cohorts inherit the structure and potential biases of the
dataset used for training the generative model. The effect of biases in synthetic data on downstream analyses can differ from their effect in real data when
the size of the synthetic cohort is increased, as observed in the survival analysis. Second, synthetic data cannot capture biological patterns that are absent
from the source population, but they can generalize patterns present in the training data, potentially improving downstream analyses, as illustrated by the
survival analysis. Third, although the synthetic data reproduced the major genomic and survival characteristics, discrepancies remained for rare mutations
and heterogeneous components, which are intrinsically difficult to model due to their limited representation in the training data. Finally, while privacy attacks
yield performance close to random guessing, privacy preservation cannot be considered absolute and should always be evaluated alongside clinical fidelity.
It is important to consider that our analyses were performed within a single AML cohort, and additional validation across independent datasets and clinical
settings will be required to establish generalizability. Overall, our findings support a pragmatic view of synthetic data in translational oncology: synthetic
cohorts should not be considered perfect substitutes for real clinical datasets, but rather complementary resources capable of reducing barriers related to
data scarcity and privacy. They can be used for methodological development, to perform preliminary analyses, or to improve the robustness and precision of
analyses based on real data.

In light of those considerations, we propose that synthetic data should be accompanied by a standardized validation report comparing real and synthetic
analyses across key domains, enabling researchers to understand potential biases and decide whether the synthetic dataset is appropriate for their use
case. In a realistic deployment scenario, such validation would ideally be performed by a centralized facility with access to the protected real data, ensuring
transparency and safe downstream use by end-users. More generally, we envision that synthetic clinical cohorts should be distributed together with
standardized validation reports documenting statistical fidelity, clinical utility, and privacy protection. Such reports would enable researchers to assess the
suitability of synthetic cohorts for specific downstream applications and facilitate trustworthy data sharing across institutions.
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compiled and made available in the publication by Tazi et al.4. Access to these patient-level data is subject to the original data-sharing agreements and the
governance framework of the UK-NCRI.To prioritize the sharing of reproducible methodologies over static data, we do not provide the individual synthetic
datasets generated for these analyses. Instead, we have released the complete source code implementing the tailored Variational Autoencoder (VAE) and
the associated validation framework. Detailed descriptions of our generative strategies—including the long-format encoding developed to preserve multistate
disease trajectories—are provided within this manuscript and its supplementary materials to ensure full results reproducibility. The implementation code and
the real data are available at: https://github.com/AdrianoZaghi/VAE_for_UKNCRI.git .
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Figures

Figure 1

Represents predictive accuracy (C-index) evaluated from Cox models trained on different train sets and tested on held out real data. We trained survival
models on real data (excluding the subset of them used as test set), on fully synthetic data (in the same amount as the real train set) and on larger synthetic
cohorts (10 and 100 times the real one). Cox models have been trained using a 5 fold cross validation that yields 5 different models for each training set, one
for each training set partition. The same fold partition used for real data was used to determine the training sets for VAE models and the real held out test set
for the Cox models trained on synthetic data obtained from VAEs. In this plot, we report the C-indexes obtained from testing each model on held out patients.
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Figure 2

Represents real (blue) and synthetic (orange) cohort distribution among components obtained fitting the HDMM on real data. For each cluster, we report the
proportion it represents and, for the synthetic population, the standard deviation obtained by repeating the assignment with cohorts obtained from 10
different generative models trained with the same set up and different initial conditions.

Figure 3

Represents cumulative baseline hazard of the five transitions with a confidence interval of 95%. Blue and orange curves represent results obtained from,
respectively real and synthetic data. In the bottom right panel, we represent the multistate transition map.
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