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Challenges in conducting 
clinical trials
• The reluctance of patients to participate in RCTs where they might not 

receive the experimental treatment

• Complexities of collecting sensitive patient data, has led to escalating costs 
and extended trial durations

• The assessment of an application for a new medicine alone, 
which is but a small part of the process, takes up to 210 active 
days

• expenses of up to $2.7 billion are needed for a new medical 
product release

• Failures in confirmatory Phase III trials have the greatest impact on research 
investment

• the probability of success in Phase III trials is about 60%, and among 
failures, between 40% and 50% are due to lack of statistical 
significance in the primary endpoint

• Patient data is sensitive

• General Data Protection Regulation, introduced in 2018

• collected patient information cannot just be reused in or combined 
with other trials, resulting in a less than optimal use of its potential

• sharing original data with external researchers is often prohibited
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Synthetic Data 
to Augment 
Control Arm 

in RCT

Minimizing Placebo Use:

Fewer patients are exposed to 

placebo or less effective 

treatments.

Safety: Reduces exposure to 

potentially harmful 

interventions.

Patient-Centric Trials: Focus 

on maximizing therapeutic 

benefit while reducing 

unnecessary interventions.

Rare Diseases: Synthetic data 

supports studies where 

recruiting large control groups 

is difficult or unethical.

Faster Access to Innovative 

Therapies: Accelerates 

timelines for potentially life-

saving treatments.

Promoting Equity in Clinical 

Trials: Ensures fair access to 

experimental therapies for all 

patients by reducing the need 

for large control groups.



Synthetic population

• Synthetic population is artificial 
population data that fits the distribution of 
people and their relevant characteristics 
living in a specified area as according to 
the demographics from census data



Project in Europe

Project Type of synthetic data Aim of using synthetic data

PRECISE4Q

Personalized Medicine by Predictive Modeling

in Stroke for Better Quality of Life

Perfusion images from existing acute stroke imaging

modalities

Using perfusion images, synthetically generated from

existing acute stroke imaging, to simplify perfusion

imaging - which requires contrast agents, advanced

processing, and specialized skills

CINECA Synthetic Cohort Dataset - EUROPE UK1: 76 synthetic subject attributes and

phenotypic data derived from UKBiobank that match

- EUROPE CH SIB: 6733 synthetic samples

containing both phenotypic and genotypic information

derived from CoLaus and PsyColaus cohorts

To increase accessibility to cohort data for standards

development while mitigating ethical and legal privacy

concerns that arise with cohort data sharing, including

pseudonymized data

CPRD - Clinical Practice Research Datalink - Cardiovascular disease synthetic dataset

- COVID-19 symptoms and risk factors synthetic

dataset

Training purposes; improving algorithms; machine

learning workflows

SIMULACRUM Oncological patient records To support study hypotheses generations and

formulation of research questions

INVEST Virtual patients Rare disese



Generative 
Adversarial Network

• A GAN comprises 2 models trained using an 
adversarial process 

• the generator generates synthetic data

• the discriminator distinguishes between 
real and synthetic data

• The discriminator is updated to get better at 
discriminating real and fake samples in the next 
round

• The generator is updated based on how well the 
generated samples fooled the discriminator



GAN VAE
A VAE is a probabilistic model that learns a compressed 
(latent) representation of data.

It consists of:

Encoder: Transforms real data into a latent 
distribution 𝑧 ∼ 𝑁 𝜇, 𝜎2

Decoder: Reconstructs data from latent 
representation

Trained to minimize:

1. Reconstruction error between orginal and generated 
data.

2. KL divergence between the latent distribution and a 
standard Gaussian



Anatomy of clinical 
data

• Clinical data represents information of one individual 
patient

• age, gender, blood pressure or BMI etc.

• Trials are usually distinguished based on 
the endpoint of interest

• a quantitative endpoint represents a certain 
continuous variable measured in multiple 
patients at one point in time

• A qualitative endpoint usually is a binary target 
variable with two possible outcomes 

• “treatment success” “yes” vs. “no

• a time-to-event endpoint captures values of one 
or more variables per patient over time, which 
are considered to have specific relations with 
each other



A first experiment

• Randomized phase III trial to 
compare two different chemotherapy 
and radiation therapy regimens in 
treating patients who have 
undergone surgery for stomach or 
esophageal cancer

• Primary endpoint: Overall survival

• Secondary endpoint: disease-free 
survival



A first experiment



A first xperiment
simulation of Box’s M statistics: p-value of 0.74 through 
the empirical cumulative distribution



A first experiment Location of progression: 
unknown 5/546 (.9%)



A first experiment
M stage 0: 1/546 (.2%)











Treatment estimate

DISEASE FREE SURVIVAL

DFS – Real 
patients

HR = 1.03 
95%CI: 0.95 – 1.12

HR = 1.13 
95%CI: 0.86 – 1.25

DFS

Synthetic 
patients

OVERALL SURVIVAL

OS – Real 
patients

HR = 0.97 
95%CI: 0.79 – 1.21

OS

Synthetic 
patients

HR = 0.99
95%CI: 0.71 – 1.32



Data



Data

Study Treatment n

MITO 2 Carboplatin + paclitaxel 332

MITO 7 Carboplatin + paclitaxel 701

MITO 16 Carboplatin + paclitaxel + 

bevacizumab

398



GAN VAE
A VAE is a probabilistic model that learns a compressed 
(latent) representation of data.

It consists of:

Encoder: Transforms real data into a latent 
distribution 𝑧 ∼ 𝑁 𝜇, 𝜎2

Decoder: Reconstructs data from latent 
representation

Trained to minimize:

1. Reconstruction error between orginal and generated 
data.

2. KL divergence between the latent distribution and a 
standard Gaussian.



GAN VAE
A VAE is a probabilistic model that learns a compressed 
(latent) representation of data.

It consists of:

Encoder: Transforms real data into a latent 
distribution 𝑧 ∼ 𝑁 𝜇, 𝜎2

Decoder: Reconstructs data from latent 
representation

Trained to minimize:

1. Reconstruction error between orginal and generated 
data.

2. KL divergence between the latent distribution and a 
standard Gaussian.

Encoder

Embedding from 

outcome model

TRANSFORMER



Results
simulation of Box’s M statistics: p-value of 0.23 through 
the empirical cumulative distribution

Synthetic Data Correlation Matrix
Real Data Correlation Matrix



Statistical Validity

Original Data Generated Data

Predictors HR 95%CI HR 95%CI

Age 1.01 1.00-1.02 1.019 1.01-1.032

PS ECOGG 1.26 1.1-1.43 1.31 1.17-1.50

FIGO Stage 1.73 1.49-2.00 1.68 1.33-2.061

BMI 1.02 1.01-1.04 1.01 1.002-1.033



Statistical Validity

Original Data Generated Data

Predictors HR 95%CI HR 95%CI

Age 1.01 1.00-1.02 1.019 1.01-1.032

PS ECOGG 1.26 1.1-1.43 1.31 1.17-1.50

FIGO Stage 1.73 1.49-2.00 1.68 1.33-2.061

BMI 1.02 1.01-1.04 1.01 1.002-1.033

HR 0.51 0.42-0.64 0.61 0.50 – 0.75



Validity metrics we are working on

• Distribution similarity metrics
• Wasserstein Distance - Measures the "work" needed to align two 

distributions
• Maximum Mean Discrepancy (MMD) - Kernel-based test for 

distribution similarity

• How generated data predict as new data in established outcome
models?

• Variability in PFS and OS is also due to unboserved confounders



Conclusions

• Using GAN-VAE to generate synthetic patient data to augment 
control arm in RCT seems promising
• GAN-VAE mimics real patients

• Unaddressed questions
• Define proper metrics to assess the validity of synthetic patient data

• To what extent control arm could be augmented with synthetic patient data

• In absence of randomization, what statistical outcome analysis?

• Is the variability in the outcome of synthetic patient data dealt properly?



“in the next few years, more than 60% of the data 
used in the research and development process across 

different domains, including life sciences, will be 
synthetically generated”

- Gartner Study
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