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Healthcare data: an essential resource

• Availability of healthcare data resources:
can catalyze a complete transformation in healthcare using ML – improve clinical practice 
&  clinical workflows, empower patients, enhance drug development, enable medical 
knowledge discovery etc.

Disease registries

Electronic Health Records 

Biobanks



Healthcare data: not easy to access

• Lack of high-quality healthcare data: impedes ML research in healthcare!

• Strict regulations for data access

• …the result of perfectly valid concerns regarding privacy

Private data
ML Community

Strong Regulation

Data holders 
(e.g., hospitals)

Impossible to share directly



What history teaches us… 

• Open access data sets = 
significant progress! 

[C. Fellbaum et al, 1980s] [Fei-Fei Li et al, 2006]

WordNet ImageNet

Progress in 
NLP

Progress in 
imaging, 

vision



The story is more complex for healthcare data…

• Companies/organizations are trying to lock up 
access to data to productize their models!

1 A. E. Johnson et al, Scientific data, 2016

• One of the few initiatives: MIMIC dataset 
from Beth Israel Deaconess Medical center…

• Unlike ImageNet, clinical data is about people and their health: ethical considerations!

• One dataset is not enough: medicine is complex; many diseases, different types of data 
(images, genetic, tabular, longitudinal, time-series, …), diverse populations, different uses, 
patient characteristics and treatments change over time…etc. 



De-identified data vs Synthetic data

• De-identified/anonymized data: 
real data with all personal 
identifiers removed/data fields 
scrambled

• Synthetic data: data created from scratch, 
cannot be synced back to any individual 
(if modeled properly) 

Requires ML/statistical modelling!

Generating synthetic data to be used for 
machine learning modeling 

is itself a machine learning problem!
This tutorial



How can synthetic data help?

• Share a synthetic (proximal) version of the data that resembles real data but contains 
no real samples for any specific individual…

Private data
ML Community

Data holders 
(e.g., hospitals)

Machine learning models

Synthetic data 
generation

Synthetic data



Use cases for synthetic data

• Developing analytics

• Facilitating reproducibility of clinical studies and analyses

• Augmenting small-sample data sets:

• Increasing robustness and adaptability of ML models (transferring across hospitals)

• Simulating forward-looking data

• Data for rare diseases

• Data for underrepresented patient subgroups (to guard against model bias)



Synthetic clinical data in action: biomedical imaging

• Synthesizing skin lesion, chest x-rays 
and histology images using GANs3

3 R. J. Chen et al, Nature Biomedical Engineering, 2021

• A classifier trained on real + synthetic 
data improved predictions of a rare 
subtype of renal cell carcinomas 

• Even with access to real data, 
synthetic data can still be used to 
augment training data.



Synthetic clinical data in action: COVID-19

• MDClone: a synthetic data generation platform used by Sheba Medical Center, 
Maccabi Institute to accelerate time-to-insight for COVID-19 

4 MDClone: https://www.mdclone.com/



Privacy concerns are central to clinical data sharing

• Irresponsible sharing of clinical data = legal consequences for researchers, privacy 
breaches for patients

2 HIPAA Journal: https://www.hipaajournal.com/



Synthetic clinical data in action: Hide-and-seek competition

https://www.vanderschaar-lab.com/privacy-challenge/

5 J. Jordon and M. van der Schaar, 2020



Synthetic clinical data in action: Hide-and-seek competition

https://www.vanderschaar-lab.com/privacy-challenge/

• Organized by van der Schaar-lab, with support from Amsterdam UMC and Microsoft 
Research Cambridge

• Competitors are either “hiders” aiming to design a model for generating synthetic ICU data 
or “seekers” aiming to re-identify patients in the original data set.

• Key lesson learned: defining the metrics for evaluating synthetic data and privacy 
preservation is a tricky problem!

Inspiration Exchange - synthetic data evaluation: www.youtube.com/watch?v=2FoazjRtTUI



Desiderata for synthetic data generation

• Two key questions:

Generating synthetic data to be used for 
machine learning modeling 

is itself a machine learning problem!
This tutorial

• How to build a machine learning model to generate synthetic data?

• How to evaluate the quality of a synthetic dataset?



A clearinghouse for healthcare data resources

www.vanderschaar-lab.com/synthetic-data-breaking-the-data-logjam-in-machine-
learning-for-healthcare/



Synthetic generation of healthcare data: 
A brief technical background



Desiderata for synthetic data generation

• We want synthetic data to enable learning statistical patterns without compromising 
the privacy of individual patients in the dataset

Generative 
modeling

Privacy 
requirements

Models, metrics Methods, metrics
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Generative modeling

6 Shakir Mohamed, UAI 2017

A model that simulates 
data

Estimates a 
(high-dimensional) 
probability density

Unsupervised

• Generative modeling • Discriminative modeling

Sample feature instances 
from a density estimate

Given a feature, predict 
a target output



Generative modeling for clinical data

• What makes generation of synthetic clinical data different?

• Complex and diverse data structures
• Domain knowledge

Clinical variables Genetic data Electronic health record data



The generative modeling problem

• We have a data set of real patient data:

• able to handle high-dimensional data
• easy to train
• easy to sample from

• A generative model is effectively an estimate             of the real distribution

• A synthetic data is a sample from the generative model:

• We want the generative model to be:



Two modeling approaches

Deep learning Probabilistic models

• Rich non-linear models
• Scalable learning, end-to-end training
• Data-driven

• Simpler, often linear models
• Principled inference, but interactable
• Encodes prior assumptions

Used for learning complex function 
with the goal of making predictions

Used for modeling data 
distributions



Probabilistic modeling

• Use our intuition about the data to factorize the joint distribution of all variables

• Learn the model using maximum likelihood estimation

• Example: Hidden Markov models

Observations

States

• Data type: time-series, sequential

• Intuition: each new observation only 
depends on the previous observation

• Data distribution factorizes to:  

Patient health state = latent variable



Probabilistic modeling: Learning

• Analytical derivation of the log-likelihood = depends on the model

• HMMs: no tractable algorithm for maximum likelihood estimation 

Observations

States

Patient health state = latent variable

• Expectation-Maximization (Baum-Welch) 
algorithm (approximate inference)

• HMMs are generative: we can sample 
synthetic time-series from them



Why not just use probabilistic models?

• Strong assumption, limited representation complexity, inference routines need to be 
designed for each modeling scenario…

• Can we find a fixed factorization of joint pixel distribution for biomedical images?

• How can we model unstructured, irregularly sampled EHR data?



Categorization of modern (deep) generative models

• Data-driven, SGD-based learning, complex representations 

• Key idea: map a noise variable     to a random variable       through a neural net

• Different deep generative models specify a different loss function to learn 

• Unlike standard NNs, these are models that we can sample data from



Categorization of modern (deep) generative models

• Data-driven, SGD-based learning, complex representations 

Implicit-likelihood models Explicit-likelihood models

• Key idea: map a noise variable     to a random variable       through a neural net

• A model that learns how to sample 
synthetic data without explicitly 
defining the likelihood function

• Learns by comparison

• A model that defines the model 
likelihood and trains via maximum 
likelihood estimation

• Fits a distribution



Taxonomy of deep generative models

Implicit-likelihood modelsExplicit-likelihood models

Generative models

• Maximize likelihood • Two-sample tests, sample comparison



Taxonomy of deep generative models

Implicit-likelihood models

Generative models

Exact 
likelihood

Approximate
likelihood

Explicit-likelihood models

Adversarial 
training

Method of 
moments

Fully observable models

Change of variables

Variational inference GANs Generative moment 
matching networksPixelRNN

Normalizing flows

Variational Autoencoders
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Explicit density models (I): Variational Autoencoders (VAEs)

7 Kingma and Welling, 2014, Rezende et al., 2014

Deep learning Probabilistic models

• VAEs: probabilistic spinoff of Autoencoders, a latent variable model

Autoencoder Variational inference



Explicit density models (I): Variational Autoencoders (VAEs)

7 Kingma and Welling, 2014, Rezende et al., 2014

• VAEs: probabilistic spinoff of Autoencoders, a latent variable model

An autoencoder as a latent 
variable model



Variational Autoencoders

8 Figure courtesy of: Dhruv Batra 

• Optimize Evidence lower bound (ELBO) on 
model likelihood:

• Latent variable model → marginalizing over 
latent variables → likelihood is intractable

Model network Inference network

M
od

el
 n

et
w

or
k

Inference netw
ork



Sampling from VAEs

• Use decoder network and sample from prior…

• Recall key idea: map a noise variable      to a random variable      through 
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Explicit density models (II): Normalizing flows

• Recall key idea: map a noise variable      to a random variable      through 

Use an invertible transform + 
change of variables formula

9 D. Rezende and S. Mohamed, 2015



Normalizing Flows

• Change of variables formula:

• Distribution of transformed variable:

• For high-dimensional random variables:

Jacobean matrix



Normalizing Flows

• For high-dimensional random variables:

Jacobean matrix

• Need to constrain the transformation so that:

10 Figure courtesy of: Eric Jang, 2019

• The Jacobean determinant is easy to compute

• The forward and inverse map are easy to compute

Needed for efficient training

Needed for efficient sampling

Key advantage: Exact likelihood for training and evaluation!

• Flow composition:



Taxonomy of deep generative models
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Implicit density models: Generative Adversarial Nets

• Recall key idea: map a noise variable      to a random variable      through 

One player in a 2-player 
minimax game

11 I. J. Goodfellow et al, 2014

• The transformation is optimized with the aid of a 
second player (discriminator network).



Generative Adversarial Nets

• Minimax loss function



Adapting deep generative models to your healthcare data

• In most cases, an off-the-shelf generative model will not be sufficient

• We need to make design choices…

RNN
CNN

Graph NNs



Desiderata for synthetic data generation

• We want synthetic data to enable learning statistical patterns without compromising 
the privacy of individual patients in the dataset

Generative 
modeling

Privacy 
requirements

Models, metrics Methods, metrics



Memorization and overfitting in generative models

• Synthetic data violates privacy if it copies real data

• Data copying happens when the generative model memorizes training data

• Is memorization the same thing as overfitting?

12 Figure is courtesy of: G. J. J. van den Burg and C. K.I. Williams, 2021



Statistical inference and privacy

• More generally: we want synthetic data to enable learning statistical patterns without 
compromising the privacy of individual members of the dataset

• Common mistake: conflating inference with privacy violation

13 C. T. Kenny et al, 2021



Statistical inference is not a privacy violation

• We want synthetic data to enable learning statistical patterns without compromising 
the privacy of individual members of the dataset

• Privacy in data sharing is a difficult concept to formalize…

14 https://differentialprivacy.org/inference-is-not-a-privacy-violation/

Smoker → Cancer Mr. X is a Smoker → Mr. X has an elevated risk of cancer

Analysis on real data Analysis on synthetic data



Differential privacy

• Definition

• A randomized mechanism                      is Ɛ-differentially private if for all neighbouring
inputs and for all sets of outputs             we have 

15 Dwork et al., 2006

• Intuition: the result of an analysis conducted using a data set would not change if any 
individual (synthetic) patient data point was removed from the data set. 



Incorporating differential privacy into generative models

• Differential privacy is incorporated by adding noise

• Three different approaches:

• Add noise to the model output

• Add noise to the model parameters

• Add noise to the model gradients during training



Recipe for generating synthetic healthcare data

• Step 1: Decide the generative modeling approach to use…

• Step 2: Construct an appropriate representation/structure for the type of healthcare 
data under consideration (time-series, images, notes, bio-markers, etc).

• Variational auto-encoders, normalizing flows, GANs, etc.

• E.g., NNs, RNN, CNN, transfer 
representations etc.

• Step 3: Incorporate differential 
privacy or other privacy notion/ 
sanitize the data to ensure privacy 



Generative models for synthetic tabular data



Taxonomy of deep generative models: Focus on GANs
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• E.g., NNs, RNN, CNN, transfer 
representations etc.

Recipe for generating synthetic healthcare data

• Step 1: Decide the generative modeling approach to use…

• Step 2: Construct an appropriate representation/structure for the type of healthcare 
data under consideration (time-series, images, notes, bio-markers, etc).

• Variational auto-encoders, normalizing flows, GANs, etc.

• Step 3: Incorporate differential 
privacy or other privacy notion/ 
sanitize the data to ensure privacy 



ADS-GAN: Synthetic data fulfilling GDPR privacy requirements 

• Generating GDPR-compliant anonymized clinical data using GANs. 
• Can be applied to any clinical datasets with tabular data (e.g. transplantation)

16 J. Yoon, L. Drumright and M. van der Schaar,  archive 2018, IEEE JHBI 2020.



ADS-GAN: Synthetic data fulfilling GDPR privacy requirements 

• Privacy
• GDPR requirements are not formally/well-defined – descriptive, not formal 
• Formally defining requirements – introduce Identifiability Metric
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ADS-GAN: Synthetic data fulfilling GDPR privacy requirements 

• ε-identifiability = probability - that the distance to the closest synthetic observation is 
closer (“not different enough") than the distance from the closest real observation in 
D - is less than ε. 

• ADS-GAN allows us to move away from differential privacy and define identifiability 
based on the probability of re-identification given the combination of all data on any 
individual patient.

• Privacy
• GDPR requirements are not formally/well-defined – descriptive, not formal 
• Formally defining requirements – introduce Identifiability Metric



ADS-GAN: Synthetic data fulfilling GDPR privacy requirements 

• Fidelity: unlike conditional GANs (pre-determined variable set), ADS-GAN optimizes 
a conditioning set per patient and generates all components based on these



ADS-GAN: Synthetic data fulfilling GDPR privacy requirements 

• Fidelity: unlike conditional GANs (pre-determined variable set), ADS-GAN optimizes 
a conditioning set per patient and generates all components based on these

• Advantages: 

• Improve quality of synthetic data while ensuring that no feature combination 
could readily reveal a patient’s identity.



• E.g., NNs, RNN, CNN, transfer 
representations etc.

Recipe for generating synthetic healthcare data

• Step 1: Decide the generative modeling approach to use…

• Step 2: Construct an appropriate representation/structure for the type of healthcare 
data under consideration (time-series, images, notes, bio-markers, etc).

• Variational auto-encoders, normalizing flows, GANs, etc.

• Step 3: Incorporate differential 
privacy or other privacy notion/ 
sanitize the data to ensure privacy 



PATE: Private Aggregations of Teacher Ensembles

17 http://www.cleverhans.io/privacy/2018/04/29/privacy-and-machine-learning.htmlReference: http://www.clev



PATE: Private Aggregations of Teacher Ensembles
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PATE: Private Aggregations of Teacher Ensembles



PATE: Differential Privacy



PATE + GAN framework

• PATE framework is only applicable to discriminative models

• We need to extend the PATE framework to generative models

• We combine the state-of-the-art generative models (GAN) with the state-of-the-art DP 

framework (PATE)

• If we train the discriminator in a differentially private manner, then the generator will be 

differentially private by post-processing theorem

• A differentially private discriminator is sufficient but it may not be necessary.

18 J. Jordon, J. Yoon and M. van der Schaar, ICLR, 2018



PATE-GAN teacher

Partition data so that no 
person lies in two partitions

18 J. Jordon, J. Yoon and M. van der Schaar, ICLR, 2018



PATE-GAN framework

18 J. Jordon, J. Yoon and M. van der Schaar, ICLR, 2018

When a new input arrives, 
output a noisy 
aggregation of the 
outputs of the teacher 
models



Baseline: DP-GAN



Evaluations: How to Evaluate Synthetic Data?

• Predictivity: samples should be just as useful as real data when used for the same 
predictive purposes (i.e. train on synthetic data, test on real data)

• Experimental settings:
– Setting A: Train on Real, Test on Real
– Setting B: Train on Synthetic, Test on Real
– Setting C: Train on Synthetic, Test on Synthetic



Evaluations: Datasets

• Predictivity: samples should be just as useful as real data when used for the same 
predictive purposes (i.e. train on synthetic data, test on real data)



Evaluations: Setting B with different models



Evaluations: Setting B with different datasets



Evaluations: Setting B with Different Privacy Budget



Evaluations: Setting C for model ranking



• E.g., NNs, RNN, CNN, transfer 
representations etc.

Recipe for generating synthetic healthcare data

• Step 1: Decide the generative modeling approach to use…

• Step 2: Construct an appropriate representation/structure for the type of healthcare 
data under consideration (time-series, images, notes, bio-markers, etc).

• Variational auto-encoders, normalizing flows, GANs, etc.

• Step 3: Incorporate differential 
privacy or other privacy notion/ 
sanitize the data to ensure privacy 



Generating synthetic data for multiple hospitals



Between-center differences for COVID-19 ICU mortality from 
early data in England

19 Z. Qian, A. Alaa, A. Ercole, M. van der Schaar, Intensive care medicine, 2020



Transferring what we learned to other jurisdictions 
- Distribution Mismatch: Auxiliary data does not come from the same distribution as target data

Patient Distribution
Age > 60: 80%

Male: 70%

Hospital A

Patient Distribution
Age > 60: 40%

Male: 20%

Hospital B

Distribution 
Mismatch

- Feature Mismatch: Different data collectors collect different pieces of information for each sample

Conducted Lab Tests
- Creatinine

- Sodium
- Potassium

- Urine
- White Blood Cell

Hospital A

Conducted Lab Tests
- Bilirubin
- Sodium
- Calcium

- Ejection Fraction
- White Blood Cell

Hospital B

Feature 
Mismatch



RadialGAN

20 J. Yoon, J. Jordon, M. van der Schaar, 2019

- Use multiple GAN architectures to “translate” the 
data from one dataset to another



RadialGAN

- Use multiple GAN architectures to “translate” the 
data from one dataset to another

- Distribution Mismatch is dealt with by the adversarial 
framework which ensures that “translation” respects 
the target distribution



RadialGAN

- Use multiple GAN architectures to “translate” the 
data from one dataset to another

- Distribution Mismatch is dealt with by the adversarial 
framework which ensures that “translation” respects 
the target distribution

- Feature mismatch is dealt with by introducing a 
latent space through which all samples are mapped



RadialGAN

MAGGIC Dataset – Heart Failure
- A collection of different medical studies
- Label is set as 1-year all-cause mortality

- Total number of features across all studies is 216
(1) Average number of features in each study: 66
(2) Average number of shared features: 35 (53.8%)



Generative models for synthetic time-series data



• Objective: To generate time-series data with preserving temporal dynamics 

• Key Example: Synthetic time-series healthcare data generation

• Challenges: Capture the distributions of features within each time point as 
well as complex dynamics of those variables across time points

Time-series generation



Time-series generation approaches

• Autoregressive model • Recurrent generative model



• E.g., Autoregressive, attention, latent state-
space, RNN representations, spectral, etc.

Recipe for generating synthetic healthcare data

• Step 1: Decide the generative modeling approach to use…

• Step 2: Construct an appropriate representation/structure for the type of healthcare 
data under consideration (time-series, images, notes, bio-markers, etc).

• Variational auto-encoders, normalizing flows, GANs, etc.

• Step 3: Incorporate differential 
privacy or other privacy notion/ 
sanitize the data to ensure privacy 



Problem formulation

• Consider tuples of the form (𝑆𝑆,𝑋𝑋1:𝑇𝑇) with some joint distribution 𝑝𝑝, where 
– Static features: 𝑆𝑆 ∈ 𝒮𝒮
– Temporal features: 𝑋𝑋 ∈ 𝒳𝒳

• Desiderata
– Fidelity: samples should be indistinguishable from real data
– Diversity: samples should be distributed to cover that of real data
– Predictivity: samples should be just as useful as real data when used for the same 

predictive purposes (i.e. train on synthetic data, test on real data)

87



Two objectives

88



TimeGAN: Encode, Generate, and Iterate

89

• Provide mapping between the feature space and latent space, where the 
adversarial network learns the underlying temporal dynamics of the data

21 J. Yoon, D. Jarrett and M. van der Schaar, NeurIPS 2019



TimeGAN: Encode, Generate, and Iterate

90

• The generator produces synthetic outputs through the latent space, and the 
discriminator operates on the basis of real vs. synthetic embeddings.



TimeGAN: Encode, Generate, and Iterate

91

• The generator receives sequences of embeddings of actual data to generate 
the next latent vector.



TimeGAN: Jointly optimize

92



How to evaluate synthetic time-series data?

93

• Fidelity: samples should be indistinguishable from real data



How to evaluate synthetic time-series data?

94

• Diversity: samples should be distributed to cover the real data



How to evaluate synthetic time-series data?

95

• Predictivity: Samples should be just as useful as real data when used for the 
same predictive purposes (i.e. train on synthetic, test on real)



• E.g., Autoregressive, attention, latent state-
space, RNN representations, spectral, etc.

Recipe for generating synthetic healthcare data

• Step 1: Decide the generative modeling approach to use…

• Step 2: Construct an appropriate representation/structure for the type of healthcare 
data under consideration (time-series, images, notes, bio-markers, etc).

• Variational auto-encoders, normalizing flows, GANs, etc.

• Step 3: Incorporate differential 
privacy or other privacy notion/ 
sanitize the data to ensure privacy 



Attentive state-space models

97

• Latent variable models for sequential data → state-space models

Observations

States

Patient health state = latent variable
• A sequence of variational autoencoders

• Rationale: 

• Interpretable: can discover knowledge

• Can incorporate structure and 
domain knowledge

• Unlike other models: learning and inference need to be tailored to the model

22 A. Alaa and M. van der Schaar, 2019



Attentive state-space models

• Key idea: non-Markovian, non-stationary state transition

• Attention mechanism: assign different weights to previous states when 
computing transition probabilities to a new state at each time step



Attentive state-space models

• Attention mechanism: assign different 
weights to previous states when 
computing transition probabilities to a 
new state at each time step

• Encoder-decoder architecture

• Variational inference: inference network 
needs to be tailored to this particular 
model design…



Attentive state-space models: Synthetic Cystic Fibrosis data

• Not only able to generate synthetic data, but also explain disease progression 
dynamics both on a population level and patient level.



• E.g., Autoregressive, attention, latent state-
space, RNN representations, spectral, etc.

Recipe for generating synthetic healthcare data

• Step 1: Decide the generative modeling approach to use…

• Step 2: Construct an appropriate representation/structure for the type of healthcare 
data under consideration (time-series, images, notes, bio-markers, etc).

• Variational auto-encoders, normalizing flows, GANs, etc.

• Step 3: Incorporate differential 
privacy or other privacy notion/ 
sanitize the data to ensure privacy 



Fourier Flows

• Recall: for normalizing flows, need to constrain the transformation so that:

• The Jacobean determinant is easy to compute

• The forward and inverse map are easy to compute

Needed for efficient training

Needed for efficient sampling

23 A. Alaa and M. van der Schaar, 2021

Fourier transform



 Convolution property

Fourier Flows

• Fourier transform has various favorable properties:

 DFT matrix  Jacobean of the DFT matrix

• Handles variable-length time-series, variable sampling rates naturally



Fourier Flows



Different modeling choices are appropriate for synthesizing 
different types of time-series data…

TimeGAN Attentive State-space 
models

Fourier flows

Data-driven, high-
dimensional data

Interpretable, handles 
domain knowledge

Periodic data (e.g., 
ECG), irregular and 

variable-length time-
series



Evaluating synthetic healthcare data



How to measure the quality of synthetic data sets?

• We have followed the recipe and generated the desired synthetic data… 

• How do we know if the synthetic data is of a high quality? What does “quality” mean?

• Inspect individual samples? We may have generated millions!

• Train on synthetic, test on real? Does not tell us the full picture…

• What makes a good synthetic dataset? How do we define “quality”?



• Accuracy of discriminative models is easy to evaluate by simply assessing prediction 
accuracy on test data (e.g., cross-validation).

• Generative models: unsupervised, no ground-truth.

Evaluating generative models is tricky…



Model-dependent or domain-specific…

Likelihood and statistical divergence Domain-specific scores

• State-of-the-art models do not have 
tractable likelihood (GANs, VAE, etc)

• Scale badly with high dimensions
• Single number that does not distinguish 

different modes of failure

• Measures of the quality of images or audio

• Expert opinion 

• Pre-trained representations on ImageNet 
(e.g. Fréchet Inception distance)



Recall: Not all models have explicit likelihoods!

Implicit-likelihood models

Exact 
likelihood

Approximate
likelihood

Explicit-likelihood models

Adversarial 
training

Method of 
moments

Fully observable models

Change of variables

Variational inference GANs Generative moment 
matching networksPixelRNN

Normalizing flows

Variational Autoencoders

Generative models



Model likelihood is not the right measure…

• Likelihood is uninterpretable, does not evaluate individual samples and collapses 
all modes of failure into a single measure…

24 L. Theis et al, 2016

• Likelihood does not scale well with high-dimensional data…

• Great likelihood and poor samples: samples from a mixture of true model & noise 

• Poor likelihood and great samples: counter-examples exist.

will have likelihood close to true model for high-dimensional data



Different ways in which a generative model may fail

• A single-dimensional metric is not enough…

Every model’s performance can be viewed as a point in a 
3D space

• Fidelity: How “good” the synthetic samples are?
• Diversity: How much of the real data is covered?
• Generalization: How often does the model copy 

training data?
• Need probabilistic, interpretable, multi-dimensional 

quantities



Precision and Recall analysis

• Precision: the fraction of synthetic samples that look realistic (fidelity)

25 M. S. M. Sajjadi et al, 2018, Figure courtesy of: T. Kynkäänniemi et al, 2019

• Recall: fraction of real samples that the generative model can synthesize (diversity)

Need to estimate the support of real 
and synthetic distributions



Refined Precision and Recall analysis

• Problem with standard precision-recall analysis: 

• What if the generative model only generates outliers in real distribution?

• Can we detect mode collapse? Mode invention, etc?

Perfect precision score, poor 
generative distribution

Poor precision score, better 
generative distribution



Refined Precision and Recall analysis

• Use a more refined definition of the support of a distribution…

26 A. Alaa, B. van Breugel, E. Saveliev, M. van der Schaar, 2021



Is my synthetic data clinically sensible? 

• Precision automatically evaluates if each sample is “clinically realistic”

Age 120, systolic blood pressure 200



How to evaluate privacy preservation in synthetic data?

• Are their samples closer to training data than expected?

Synthetic 
sample



Sample-level metrics: a fourth step in the recipe

• Sanitization: Remove samples that are copied or not precise

Generation Evaluation Sanitization

Real data

Generative model Performance metric Sample inspection





Sample-level metrics: a fourth step in the recipe

• E.g., Autoregressive, attention, latent state-
space, RNN representations, spectral, etc.

• Step 1: Decide the generative modeling approach to use…

• Step 2: Construct an appropriate representation/structure for the type of healthcare 
data under consideration (time-series, images, notes, bio-markers, etc).

• Variational auto-encoders, normalizing flows, GANs, etc.

• Step 3: Incorporate differential 
privacy or other privacy notion/ 
sanitize the data to ensure privacy 

• Step 4: Evaluate the model using sample-level metrics, remove “bad” samples…



Future directions



Future directions

• Synthetic multi-modal data (genetic, images, time-series, etc.).

• Generative models for asynchronous, sparse follow-up clinic visits. 

• Evaluating fairness and bias in synthetic data.

• Domain and disease-specific evaluation metrics.

• Disentangling clinical policies from real observational data.



Medkit – Synthetic Data for Decision Modelling

More than “just” synthetic data: 
A full testing suite for decision modelling. 

Challenges in healthcare:
 Fully offline with limited batch datasets
 Modern time-series generation methods 

don’t disentangle environment and policy

Desiderata:
 A collection of realistic environment models
 With a variety of expressive and customizable policy models

Achieved: Provide ground truth knowledge in complicated and realistic settings, 
ready to test decision making modelling tools (policies).
26 A. Chan, I. Bica, A. Huyuk, D. Jarrett, M. van der Schaar, 2021



Why important? 

Without ground-truth policy inference cannot be validated 

Medkit provides policies learnt based on clinical behaviour but with 
customizable parameters, structured as:

Where users can alter:
 Ground-truth Structure 
 Markovianity
 Bounded Rationality
 Individual Consistency
 Variation in Practice

Or:
Bring your own completely custom policy!

Customizable Policies for Inference



Other Resources

Vision: www.vanderschaar-lab.com/synthetic-data-breaking-the-data-
logjam-in-machine-learning-for-healthcare/

Papers: www.vanderschaar-lab.com/publications/synthetic-data

Software: www.vanderschaar-lab.com/software/



Join us! 

www.vanderschaar-lab.com/engagement-sessions/inspiration-exchange/
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