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Artificial Intelligenece (AI) for precision medicine

1- Machine Learning

2- Generative AI



NPM1 + FLT3 + 
RUNX1

Bersanelli et al. J Clin Oncol 2021; D’Amico et al, J Clin Oncol CCI 2023, in press

Mul$-hit 
TP53/complex

karyotype

Molecular classification of MDS by machine learning methods (AI)

single-hit TP53



Bersanelli et al. J Clin Oncol 2021
Riva et al. Blood 2022;140:4001–4; Zampini et al, manuscript in preparation

10-12%
MDS with TP53-mutations

5-7%

MDS with p53 dysfunction
without TP53 mutations

RNA sequencing

A new category of high-risk MDS is defined according to p53 dysfunction

SHAP (Shapley_Additive_Explanations) was used to explain the classification model by 
computing the contribution of each feature



RNA sequencing of CD34+ progenitor cells  form 
236 MDS pa>ents 

Evidence of impaired T cell and NK maturation and 
function in MDS with p53 dysfunction

Riva et al. Blood 2022;140:4001–4; Zampini et al, manuscript in preparation

A new category of high-risk MDS is defined according to p53 dysfunction 

• Immune checkpoint overexpression (PD-
L1) at the stem cell level

• Reduced numbers of cytotoxic T cells
• Expansion of myeloid-derived suppressor 

cells (MDSCs) 
• Expansion of regulatory T cells (Tregs).
• Impaired NK maturation and function 

Sallman DA Blood (2020) 136 (24): 2812–2823
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A new category of high-risk MDS is defined according to p53 dysfunction 

Riva et al. Blood 2022;140:4001–4; Zampini et al, manuscript in preparation



2021 WHO guidance on ethics and governance of AI for health

1. The World Health Organization. 2021 WHO guidance on ethics and governance of 
artificial intelligence for health. https://www.who.int/publications/i/item/9789240029200

We have to address three important topics, deemed as essential for a right deployment of AI in 
hematology:

- Transparency of models. We have to provide a good understanding of the models (interpretability and 
explainability)

- Reliability of models. The main vulnerabilities of AI models are related to lack of generalizability. 
Therefore, extensive, independent validation of generated AI-models is required.

- Protection of data and data sharing. Innovative technologies  such as federated learning procedures for 
data collection and analysis (without moving sensitive medical data from their original locations) are 
required to facilitate clinical implementability of AI solutions

https://www.who.int/publications/i/item/9789240029200


Artificial Intelligenece (AI) for precision medicine

1- Machine Learning

2- Generative AI



Generation of Synthetic Data to accelerate Research & 
Development in MDS

• In MDS the first evidence of recurrent soma6c muta6ons in splicing-related genes was published in 
2011 and only 10 years later large pa6ent popula6ons (n>2,000) with comprehensive clinical and 
molecular informa6on were available to test clinical significance and implementability of genomic 
screening   

• The development of innova6ve data-driven digital health products and services, in fact, is currently 
slowed due to limited access to / availability of data. Addi6onal challenges in health data include 
harmoniza6on problems and data privacy (GDPR) 

• Synthe'c data are ar'ficial data generated by an algorithm trained to learn all the 
essen'al characteris'cs of a real dataset. The new data are neither a copy nor a 
representa'on of the real data. Since they are not real data, they are not regulated 
by par'cular limita'ons so they can be easily accessed and shared.



Generation of synthetic data to accelerate Research & 
Development in MDS

• Synthetic data can be generated by using neural networks (Generative Adversarial Networks, GAN).

Possible applications

• Data sharing (GDPR)
• Classes balance and resolution of 

missing information
• Data augmentation for learning/ 

validation purpose
• Generation of new evidence



Synthetic vs. Real Data: comparison of clinical and 
molecular features

D’Amico S et al, J Clin Oncol CCI 2023, in press



Synthetic vs. Real Data: pairwise association among
genes and cytogenetic abnormalities

D’Amico S et al, J Clin Oncol CCI 2023, in press



Synthe?c vs. Real Data: survival

COX models (overall survival)

D’Amico S et al, J Clin Oncol CCI 2023, in press

Probability of OS stratified by IPSS-R

REAL DATA SYNTHETIC DATA



Synthetic vs. Real Data: data augmentation
Data augmentation: form 2043 to 5000 patients

D’Amico S et al, J Clin Oncol CCI 2023, in press



Performance of Synthetic Data

D’Amico S et al, J Clin Oncol CCI 2023, in press



Generation of Synthetic Data to accelerate 
translational research in Hematology

6 patients
2011

2957 patients
2022



IPSS-M (real data, 2022) Syntetic IPSS-M (synthetic data, 2013)

D’Amico S et al, J Clin Oncol CCI 2023, in press

Generation of Synthetic Data to accelerate 
translational research in Hematology



Comparing endpoints of clinical trials using real and synthetic control arms. Real-world efficacy and safety of 
luspatercept in adult patients with transfusion-dependent anemia due to very low-, low and intermediate-risk

myelodysplastic syndrome (MDS) with ring sideroblasts, who had an unsatisfactory response to or are ineligible for 
erythropoietin-based therapy: a multicenter study by Fondazione Italiana Sindromi Mielodisplastiche (FISIM)

D’Amico S et al, J Clin Oncol CCI 2023, in press

Generation of Synthetic Data to accelerate clinical
research in Hematology

Primary endpoint



Comparing endpoints of clinical trials using real and synthetic control arms. Real-world efficacy and safety of 
luspatercept in adult patients with transfusion-dependent anemia due to very low-, low and intermediate-risk

myelodysplastic syndrome (MDS) with ring sideroblasts, who had an unsatisfactory response to or are ineligible for 
erythropoietin-based therapy: a multicenter study by Fondazione Italiana Sindromi Mielodisplastiche (FISIM)

D’Amico S et al, J Clin Oncol CCI 2023, in press

Generation of Synthetic Data to accelerate clinical
research in Hematology



PATIENT DATA MODELS DIGITAL 
TWIN

Synthetic Data 
Generation

Different data 
layers:
§ Clinical
§ Genomic
§ Images

Prediction and 
simulation:
§ Diagnosis
§ Prognosis
§ Therapy
optimization

From Synthetic data to Digital Twins
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