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SUMMARY

❑ Multiple Myeloma: clinical and biological context
❑ Current risk definition and the last update: Barcelona criteria
❑ Examples of AI implementation in Multiple Myeloma

❑ GENOMED4ALL: Multiple Myeloma use case and specific aims
❑ DATASET description: BOLOGNA dataset + CoMMpass dataset

❑ Overview of results
1. FEDERATED LEARNING – Universidad Politécnica de Madrid
2. DATA MODELLING - ML TRAINING ALGORYTHMS FOR RISK PREDICTION –

University of Turin
3. RADIOMICS – University of Bologna



INTRODUCTION
Multiple Myeloma(s)

Absence of a unique marker → persistence of tumor cells →MRD relevance

Landgren O et al., Seminar Hemat 2018
Paiva B et al., Blood 2020

Morgan GJ et al.,   Nat Rev Cancer 2012
Kumar SK et al.,  Nat Rev Clin Oncology 2018

Munshi N, et al. JAMA Oncology. 2016
Munshi N et al., JAMA Onc 2017

Pawlyn C et al., Blood 2019

Need to understand the biology of MM and MRD clones so they can be targeted

to achieve a cure considering short and long‐term side effects



MM Four layers of heterogeneity



Palumbo A et al., JCO 2015Chng WJ et al., Leukemia 2014Greipp P et al., JCO 2005 D’Agostino M et al., JCO 2022 Perrot A et al., JCO 2019

Current Multiple Myeloma risk stratification scores



MULTIPLE MYELOMA
Definition of High risk patients

Derman B et al., Blood Reviews 2022

Disease risk is best measured on a spectrum rather than as a dichotomous entity



More wide genomic panorama: how to manage
it?

Dutta AK et al., Nat Rev 
2022

• Inconsistencies between
risk definitions

• Different methods
• Cut-off issues



CO-OCCURRENCE and PATIENTS’ 
SEGMENTATION

Maura F et al., Nat Comm 2019  

CLUSTER1
No IGH translocations

Amp1q

Del 1p13, 1p32, 13q, 

TRAF3 and CYLD

CLUSTER7
No Hyperdiploidy

t(11;14)

Driver mutations



Manuscript in preparation



MULTIPLE MYELOMA RISK ASSESSMENT IN 2024

SOME limits → POSSIBLE solutions

2. MRD is THE BEST MM PROGNOSTICATOR, BUT OUTCOMES ARE HETEROGENEOUS

▪ How to improve MRD evaluation?

▪ How to integrate BM with imaging/peripheral blood techniques?

1. MYELOMA BIOLOGY IS COMPLEX…and MIGHT CHANGE OVER TIME

▪ How to better discriminate patients into different risk categories?

▪ How to better integrate static with dynamic model of risk assessment?

TIMING
MULTIFACTORS 
INTEGRATION

TUMOR SIZE



SOLUTION TO IMPROVE MULTIFACTORS INTEGRATION
Artificial Intelligence and deep learning systems

Filipp FV, Current Genetic Medicine Reports (2019) 7:208–213Johnson et al. Clinical and Translational Science 2020

To develop decisional algorithms to be used to improve patients’ management



SOLUTIONS TO IMPROVE MULTIFACTORS INTEGRATION
Artificial Intelligence and deep learning systems

Tumor and immune biomarkers to predict undetectable MRD 

A machine learning model developed in transplant-eligible MM

Guerrero C et al, Clin Canc Res 2022



Genomic Classification and Individualized Prognosis in Multiple Myeloma

Maura F et al, JCO 2024

IRMMa → for estimating 

individualized risk and

treatment variance of NDMM as 

an online tool for the research 

community



GenoMed4All: Multiple Myeloma Use Case
Aim of the study

❑ Research question: can we identify predictors of early relapse (i.e. within 12-18 

months from the start of therapy), based on the INTEGRATION of baseline genomic, 

clinical & imaging data?



GenoMed4All: Multiple Myeloma Use Case
Dataset

Bologna Dataset
PI-based triplet therapy
253 NDMM patients
Genomic (79 features: SNP array, ULP-
WGS)
Clinical (60 features: Biochemical,Response, 
Survival)
Imaging (PET/CT scans, and annotated data)

CoMMpass Dataset
PI- based triplet therapy
1144 NDMM patients
826 with Genomic (79 features: WGS/WES)
Clinical (29 features: Biochemical, Response, 
Survival)
Raw data downloaded from dbGap (dbGaP Study 
Accession: phs000748.v7.p4) and from MMRF 
partner portal (https://research.themmrf.org)



GenoMed4All: Multiple Myeloma Use Case
Dataset harmonization

Clinical data variables were harmonized to the MM Bologna clinical variables in terms of unit of

measure and variable names. Notably, translocations data variables could not be perfectly
harmonized due to a difference in the technology used to generate the information (FISH for MM
Bologna database and WGS for COMMPASS database). This issue was addressed by utilizing Seq-

FISH data provided by the MMRF partner portal, which emulates traditional FISH results using WGS
data.

➢ The set of clinical variables provided for CoMMpass dataset is thus identical to the ones included
in the MM Bologna clinical dataset



Pipeline for genomic data processing
GenoMed4All: Multiple Myeloma Use Case



1. FEDERATED LEARNING – UPM 
2. DATA MODELLING and ML TRAINING ALGORYTHMS FOR RISK PREDICTION –
UNIBO -UNITO
3. RADIOMICS - UNIBO

GenoMed4All: Multiple Myeloma Use Case
Ongoing analyses



GenoMed4All: Multiple Myeloma Use Case
Federated Learning (also known as collaborative learning)

DEF: machine learning technique that trains an algorithm via multiple independent sessions,
each using its own dataset without sharing data thus addressing critical issues such as data
privacy, data security, data access rights and access to heterogeneous data

DATASET DISCUSSION
FEATURES SELECTION

SYNTHETIC DATA GENERATION

SYNTHETIC DATA VALIDATION



GenoMed4All: Multiple Myeloma Use Case
AIM: to demonstrate the benefits of implementing federated learning

❑ Data preprocessing (dataset discussion, features selection)
❑ Cleaning data
❑ To obtain a final .csv with 1388 patients and 12 features for generation



GenoMed4All: Multiple Myeloma Use Case
Synthetic Data generation

❑ Data have been generated through a Variational AutoEncoder (VAE) based model to train 15 different
seeds, since variability on results depends on the initial conditions. The model is also able to generate a
missing values mask by learning the real distribution of missing values, useful to create later scenarios
with incomplete data



❑ Utility validation with a Survival Analysis (whose metric is the C-Index) and a Classification task
predicting the Early Relapse (whose metric is the classification accuracy), taking into account also of the
use of complete or incomplete data

GenoMed4All: Multiple Myeloma Use Case
Synthetic Data validation

❑ Training with synthetic data gives similar results to training with real data, indicating that the generated
data is valid from the utility point of view



❑ This protocol will be carried out to see the performance of the model in simulations with different 
quantities and qualities of data

GenoMed4All: Multiple Myeloma Use Case
Validation protocol scenarios

❑ FL achieves F1-Score results statistically indistinguishable from the Centralized case
❑ FL is specially recommended in settings where some nodes do have few samples (scenario 3)



CNV data

Clinical features (11):

- Age

- Sex

- FISH_T_11_14

- Creatinine

- HB

- PLT

- Calcium

- tx

- rss

- light_chain

- R_ISS

GenoMed4All: Multiple Myeloma Use Case
Data modelling for risk prediction

VAE survival model



GenoMed4All: Multiple Myeloma Use Case
Data modelling for risk prediction

CoMMpass

(837 patients)

C-Index cross-validation:

0.70±0.02



GenoMed4All: Multiple Myeloma Use Case
Data modelling for risk prediction
CoMMpass: CNV patterns across different clusters



GenoMed4All: Multiple Myeloma Use Case
Data modelling for risk prediction

Bologna (253 patients → 244)

C-Index : 0.69



GenoMed4All: Multiple Myeloma Use Case
Data modelling for risk prediction

Bologna dataset: CNV patterns across different clusters



GenoMed4All: Multiple Myeloma Use Case
Data modelling for risk prediction

CoMMpass Bologna
Features importance with SHAP Explainability



GenoMed4All: Multiple Myeloma Use Case
Data modelling for risk prediction

COMMPASS GenoMed



Radiomics
GenoMed4All: Multiple Myeloma Use Case



Radiomics: current status
GenoMed4All: Multiple Myeloma Use Case

Dataset

Image processing

➢214 MM patients (Sant’Orsola Hospital, BO)

➢Clinical endpoints: Progression-Free Survival (PFS), Overall Survival (OS)

• Intra-patient image registration

• Dose correction on PET images ⟶ SUV

• Volume cropping (no brain, homogeneous FOV)

• Segmentation of Volumes of Interest (VOI)

Segmentation method: semantic 

segmentation

VOI: whole skeleton



Radiomics: current status
GenoMed4All: Multiple Myeloma Use Case

• Registered PET/CT images

• Dose-corrected PET

• Osteolytic lesions visible in both imaging 

modalities (example: in femur)

• Segmentation of skeleton

• Extraction of radiomic features



❑ Multiple Myeloma is a COMPLEX disease, but still needs a CURE

❑ Strong need to interconnect CLINICS & BIOLOGY to better predict PATIENTS’ RISK

❑ A precise PREDICTION requires HUGE AMOUNT OF (CURATED) DATA to be statistically
significative and clinically meaningful

❑ ARTIFICIAL INTELLIGENCE can help in data management, interconnection and prediction

❑ With our partners in the GENOMED4ALL project we aimed at the integration of both
CLINICAL, GENOMIC and IMAGING of a large cohort of newly diagnosed MM patients in
order to identify PREDICTORS OF EARLY RELAPSE that can refine the definition of high
risk patients

❑ In the FUTURE, these results will contribute to an IMPROVED DESIGN of clinical trials and
a BETTER PATIENTS’ MANAGEMENT, towards a more PRECISE MEDICINE

Multiple Myeloma CLINICS&BIOLOGY
The Genomed4All project: Multiple Myeloma use case WRAP-UP
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Thanks! Follow us!

@genomed4all

/genomed4all

@ERNEuroBloodNet

/ERNEuroBloodNet

genomed4all.eu

eurobloodnet.eu
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