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Beyond Efficacy: Rethinking What “Working” Really Means in Medicine



Rare Cancers Represent an Unmet Need That Cannot Be 
Resolved by Conventional Drug Development Paradigms

Challenges to developing drugs to treat rare cancers are 

numerous:

 (1) extreme difficulty enrolling sufficient number of patients to 

clinical trials, which approaches being almost impossible for ultra-

rare cancers;

 (2) decreased financial incentives for drug development;

 (3) inadequate research into natural history and cancer biology;

(4) virtually unmanageable challenges to conduct randomized 

trials because of small patient numbers and lack of an appropriate 

standard of care for the control arms.



Subbiah, V. et.all (2023)

How do clinical trials progress?

https://doi.org/10.1038/s41591-022-02160-z



THE CHALLENGES OF CONDUCTING AN Randomized controlled trials (RCT) 

(Stage 1) planning of a clinical 

trial that targets the new 

treatment,

(Stage 2) conduct of the 

planned trial, 

(Stage 3) analysis of the results 

obtained from the trial, 

(Stage 4) clinical-use of the 

treatment if the trial has been 

successful.



Clinical Trials fails

37.9% failed to reach their enrollment (all 

phases, less in phase 2/3)



Synthetic Data to accelerate research in pharma-oncology

Synthetic data are artificial data generated by an algorithm trained to learn all the essential 

characteristics of a real dataset. The new data are neither a copy nor a representation of the real 

data. Synce they are not real data; they are not regulated by particular limitations so they can be 

easily accessed and shared

Genomic Data Scientific comunity



Synthetic Data to accelerate research in pharma-oncology



The WHO guidance on Ethics & Governance of Artificial Intelligence 
for Health

1) Transparency of models: interpretability and explainability

2) Reliability of models: independent validation of generated AI-models

3) Protection of data and data sharing: compliance with GDPR (EU)



https://www.nature.com/articles/d41586-023-01445-8

Synthetic ≠ Fake: Reimagining Data for Science and Privacy



https://docs.sdv.dev/sdmetrics

From Performance to Privacy: 
The Multidimensional Assessment of Synthetic Data



Trust, Test, Validate: Metrics for Synthetic Data



Are Synthetic Data Real Enough? Sanity, Statistics, and Privacy



Are Synthetic Data Real Enough?



Synthetic data

The emerging risk of “ model collapse” 

presents a challenge in maintaining the 

truthfulness and utility of synthetic data

This term refers to the degradation of AI models 

that occurs when they are repeatedly trained on 

data produced by other models. This recursive 

training can result in the perpetuation of models 

‘hallucinating,’ or overemphasising common 

patterns while underrepresenting rarer ones, 

leading to unrealistic synthetic data generation



Data Sharing/Reproducibility  (Privacy/GDPR)

Generate new evidence

How can Synthetic improve our work

Data augmentation

Synthetic Arm



Diagnosis

MRI or PET 

Surgery Radiotherapy

Temolozomide

Stupp Protocol
Check-therapy

Recurrence

Molecular Diagnostics

The patient journey

3D-MRIs 

Check-

surgery

Post-operative MRI scan

Generate new evidence



GLIADEL (CW) SEEMS TO SUSTAIN A BETTER SURVIVAL

STATISTICAL APPROACH

MACHINE LEARNING APPROACH

Shap dependence plot show how the model output 
varies by feature value. 

When patients are treated with CW, we improve 
survival time

Generate new evidence



Patients most likely to benefit from a particular treatment can be identified using 
machine learning?

The objective is to identify the molecular status associated with full treatment benefit.

This finding lends support to the safety and efficacy of the treatment.

The result may provide a rationale for the creation of a validation clinical trial to evaluate 
the treatment.

RF MODEL

1. RWD can be used to identify eligible patients

2. identify which subgroup respond better to treatment (develop other RCT)

3. use of generative procedure to validate model and understand the patients 

Generate new evidence



DEVELOP THE FINAL MODEL

Simulation Syntetic Data

RF MODEL

Optimization

Germline Variants

Decision Support

Explanation of the model
Performance Model
Biological mechanism

EVALUATE 

APPLICABILITY 
IN SUBGROUPS

Generate fair data based on unfair data

▪ Augment small-sample data sets

▪ Adapt data to new domains

▪ Simulate unseen scenarios & realistic futures

Generate realistic synthetic test sets for ML model 

testing (3S) 
 

Generate new evidence



Synthetic Control Arms for Rare Tumors: 

A Realistic Alternative to Placebo
Generate Synthetic Arm



Generate Synthetic Arm

No More Placebos? Rethinking Control Arms with Synthetic Data



CAN MOLECULAR STATUS GUIDE OPTIMAL TREATMENT SELECTION IN 
RECURRENT GLIOBLASTOMA?

I line

II line

Tumor 
progression

Paliative 
Care

Nitrosurea Bevacizumap

Regorafenib

Dr. Lombardi G.

Generate Synthetic Arm



ORIGINAL

SYNTHETIC

GENOMIC 
LANDASCAPE

STATISTIC PROPRIETY

ORIGINALVS SYNTHETIC: DO THE DATA TELL THE SAME STORY?



METHODOLOGICAL INNOVATIONS IN AI-DRIVEN TRIALS: SYNTHETIC ARMS, CAUSAL 
ESTIMATION, AND DCT FRAMEWORKS

Together, these methods lay the foundation for a new 
generation of clinical trials—flexible, inclusive, and 
analytically robust—where AI, through techniques like 
Double Machine Learning and model averaging, 
becomes a powerful engine for causal inference in both 
real-world and synthetic data.



SYNTHETIC DATA GENERATION

Data Augmentation: Synthetic data can increase the volume and diversity of available 

datasets, aiding in the development of more robust AI models.

Privacy-Preserving Research: Synthetic data allows researchers to work with data that 
represents patient characteristics without revealing personal information, thus safeguarding 
patient privacy.

Standardization: Ensures consistent data formatting and structure, which is especially 
useful when integrating multiple data sources (e.g., genomic, clinical, radiomic data).

VIRTUAL MTB-DRIVEN HYPOTHESIS GENERATION



original

EXAMPLE OF AUGUMENTATION 



EXAMPLE OF AUGUMENTATION 







original Synthetic 500 % Synthetic 500 %

Synthop Survival gan

SYNTHETIC MUTATION PROFILES: PRESERVING SIGNAL OR INTRODUCING NOISE?



WHAT HAPPENS WHEN CRITICAL MOLECULAR INFORMATION IS LOST?

original synthetic





CONCLUSION

• Synthetic data provides a safe sandbox for 
scientific exploration, especially when real data is 
limited, sensitive, or restricted.

• Context matters: clinical relevance and underlying 
biological complexity must guide the generation 
and interpretation of synthetic datasets to avoid 
misleading conclusions.

• Real data remains essential: while synthetic data 
can support hypothesis generation, real-world data 
is the cornerstone for validation and clinical 
decision-making.
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