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GANs and synthetic data : a hot topic



07/10/2021 DSI / Data Science Group 3

GANs and synthetic data : a hot topic
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Collaboration
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Outline

1. Why do we need synthetic data

2. How do we create synthetic data

3. Use cases for synthetic data at CHUV

4. Our contributions and preliminary results

5. Take home messages
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Motivation

Access to medical data is strongly regulated

• Loi relative à la recherche sur l’être humain (LRH)
• Ordonnance relative à la recherche sur l'être humain (ORH)
• Loi fédérale sur la protection des données (LPD)
• Loi sur la protection des données personnelles (LPrD)

• General Data Protection Regulation (GDPR)

• Health Insurance Portability and Accountability Act (HIPAA)
Privacy Rule

 These regulations require health-related data to be de-identified to mitigate privacy risks
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Motivation

Enforcing de-identification leads to information removal

Age generalization Country generalization
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Motivation

Strong privacy requirements come at the cost of
reduced data utility due to the removal of
sensitive information or the addition of noise.

Can’t we have both privacy and utility at the
same time?
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Generative Adversarial Network
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Generative Adversarial Network

This person does not exist and has been entirely created by a 
GAN called StyleGAN* trained on many real portraits.

Question:
Can we do the same with data other than pixels?
Can we generate fake electronic health records based on 
existing data?

(*) Karras, Tero, Samuli Laine, and Timo Aila. "A style-based generator
architecture for generative adversarial networks." Proceedings of the 
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 
2019.
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Synthetic patients

Learning from the existing CHUV electronic health
records, we create artificial patients cohorts

GAN

CHUV cohort Artificial cohort
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Use-cases for synthetic data at CHUV

Standard workflow of a research project

Idea

Cohort determination

Ethics committee review

Extraction and coding

Analysis

Publication
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Facilitate data access

Synthetic data is used to validate the scientific hypothesis prior to ethics committee review.

Idea

Cohort determination

Ethics committee review

Extraction and coding

Pre-Analysis

...

Synthetic population



07/10/2021 DSI / Data Science Group 14

Facilitate data sharing

Numerous medical papers do not share their data. With synthetic cohorts, researchers could

allow their peers to reproduce their results and perform further research.

Synthetic population

Idea

Cohort determination

Ethics committee review

Extraction and coding

Analysis

Publication
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Allow for data augmentation

Synthetic datasets can augment the amount of training data to produce more robust statistical

models.

Idea

Cohort determination

Ethics committee review

Extraction and coding

Analysis

Publication

Synthetic population
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Project roadmap
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Our Contributions

- Testing state-of-the-art models with real data: From a critical literature review, two state-of-the-art

models are selected and each model is tested with real clinical data.

- Comparing different sparsity handling methods: Implementing a sensible imputation method to fill

missing values and 3 methods to reproduce data missingness in the synthetic data.

- Model adaptation : modification of the models to handle continuous clinical values and switch from

visits to observations.

- Assessing the similarity between real and synthetic data: Using several similarity measures, such

as dimension-wise statistics, conditional distributions or temporal evolution, we assess the similarity

between the original and the generated data.

- Reproducing medical studies on synthetic data: Using different datasets, we construct a syntheric

cohort, reproduce the entire workflow and compare the results.
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Selected Models

Modeling Tabular data using Conditional GAN, 
Xu et al., 2019

CT-GAN SynTEG

SynTEG a framework for temporal structured 
electronic health data simulation, Zhang et al., 
2020
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Case Studies

1. Bedsore Data : SynTEG

2. Visceral Surgery Data : CTGAN

3. Pharmacokinetics Data : SynTEG
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Case Study 1 : Bedsore Data

Data: 512 patients, 622 distinct stays, 11 attributes
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Case Study 1 : Bedsore – Pipeline

- Input preprocessing : with timeseries representation and sparsity handling
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Case Study 1 : Bedsore - Preliminary Results

Mean values : Plot the mean value of each finding code (temperature, height, weight, …)

Height
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Case Study 1 : Bedsore - Preliminary Results

Dimension-wise statistics : Compare the distributions of each finding code using Hellinger

distance
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Case Study 1 : Bedsore - Preliminary Results

Joint distributions : Real in orange / Synthetic in blue
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Case Study 1 : Bedsore - Preliminary Results

Temporal Evolution:

Time [days] Time [days]

[°C] [Kg/m2]
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Case Study 1 : Bedsore - Results

Real Synthetic

0.45
0.52

0.98

0.81
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Case Study 1 : Bedsore – Conclusion

- Promising similarity metrics result : the SynTEG model captures the univariate

distributions and the joint distributions. Time evolution of the attributes seems to be realistic.

- Bedsore prediction model: with the synthetic data, the prediction quality, in terms of

AUROC, is not as good as with real data but a non-trivial model can still be constructed.
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Take-home message

- No plug and play model :

- On real clinical data, heavy input preprocessing is needed

- Considerable contribution to model adaptation:

- SynTEG Model transformation to transition from discrete to continuous data

- Preliminary results:

- Initial results are promising on real data but require a further, thorough analysis



Thank you for your attention
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Supplementary Material
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Research at CHUV

Breakdown of 150 CHUV 

research projects over a 

7 month period:
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CTGAN

• Heterogeneous Tabular Data

- Continuous :  non-Gaussian / mult iple modes

- Discrete :  imbalance

• Mode-specific Normalization

• Conditional Generator and Training-by-Sampling

Modeling Tabular data using Conditional GAN, Xu et al., 2019
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SynTEG

SynTEG a framework for temporal structured electronic health data simulation, Zhang et al., 2020
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Case Study 1 : Bedsore – Pipeline

- SynTEG Model Adaptation :

- Input integration

- Auxiliary classifier

& Prediction loss

- GAN
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Case Study 2 : Visceral Surgery : Pipeline

52 attributes : (10 + 42) attributes

No model adaptation for CTGAN
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Case Study 2 : Visceral Surgery

Data : 136 patients in 2 groups

Study : Survival estimation against amputation / death / reintervention using Kaplan-Meier
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Case Study 2 : Visceral Surgery - Results

Contingency Table
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Case Study 2 : Visceral Surgery – Conclusion

- Similar mean values : The mean values of the real and synthetic datasets are relatively

similar. For ~3/4 of the attributes, such synthetic mean values are not unlikely to be observed

given the real mean values.
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Case Study 3 : Pharmacokinetics

Pharmacokinetics Data

Cohort : 405 neonates with vancomycin monitoring

23 attributes

Study : The optimal vancomycin dosing for neonates

& Pharmacokinetic model of vancomycin

Input preprocessing :

SynTEG Model Adaptation : (cf. Case Study 1)
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Case Study 3 : Pharmacokinetics – Preliminary Results
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