Barcelona Y
Supercomputing ~;{:‘~;,,‘) EXCELENCIA

4 SEVERO
Center € Ocuoa
Centro Nacional de Supercomputacion B

Interpretability in
Artificial Intelligence
applications for rare
diseases

Davide Cirillo
Machine Learning for Biomedical Research

Life Sciences Department



Barcelona Supercomputing Center

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacion




] Y P ) | - =

-—'FheMareNostrum il supercomputer—

Total peak performance: l P ¥

o 137 Pflops/s

‘—Em_ T

The MareNostrum 5 supercomputer
2022-2027

>200 Pflops/s

Disk storage Tape storage ——
‘?fﬁ’""‘iﬁ", __#150PB | +400PB &

-

RED ESPANOLA DE
SUPERCOMPUTACION

Access: prace-ri.eu/hpc-access Access: bsc.es/res-intranet



TECHNIKON

=
o]

GHENT
UNIVERSITY

HEIDELBERG

@

Natlonal Research Councl of Iraly

@

‘ European gs:gﬁ:aﬁ?lzn?on funding
Commission for Research & Innovation
LY Ref. 826121
Individualized
21 partners from 3 continents
Baylor © 4B TecHniscHe
IBM Research B @ e =

N Princess
e X k337 maxim
(@m - <L A B centera

pediatric ancology

'. q 3
QIGTP® %LACRiS Zorcr? "

heranostics GmbH

CHILDREN'S
MEDICAL
RESEARCH

@ INSTITUTE

Jeanw for Geness

Cloud-based platform to share harmonized data on paediatric cancers.
Predictive models verified through clinical trials and preclinical models.

Ssrosions *  Personalized treatment recommendations for paediatric cancer patients.
ipercompu

Center
Centro Nacional de Supercomputacion



Rare diseases

RARE DISEASE DEFINITIONS DIFFER BY REGION/AUTHORITY
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scikit-learn
algorithm cheat-sheet

classification
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get
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data NO
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source : https://scikit-learn.org/stable/tutorial/machine_learning_map/index.html|
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Multilayer network formalization
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Multilayer network analysis of biomedical information

NETWORK NETWORK NETWORK
> DATA PROCESSING > REPRESENTATION> INTEGRATION > ANALYSIS
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COSIFER

Consensus inference of molecular

networks
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Network inference with COSIFER

Expression data

Pearson
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Multilayer network analysis of biomedical information

KNOWLEDGE NETWORK NETWORK NETWORK
BASES REPRESENTATION INTEGRATION ANALYSIS

GWAS Catalog
The NHGRI-EBI Catalog of published Q\\
genome-wide association studies .
Search the catalo; g Q GWAS catalog

Examples: breast carcinoma, rs7329174, Yao, 2q37.1, HBS1L,
6:16000000-25000000
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Multilayer community trajectories
to study rare diseases
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@@= Multilayer community detection

maximize 2 (X (@), c)

Newman & Girvan. Phys Rev E. 2004
Blondel et al. J Stat Mech. 2008
Didier et al. Peerd. 2015

Didier et al. F1000Res. 2018 Multilayer community
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@@= Multilayer community trajectories

Modularity resolution
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Molecular subtype

Prognosis

Main signaling
pathway

Metastasis

Characteristic
feature

MYC status

Wnt group

.
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Medulloblastoma
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Kumar et al. Trends in pharmacological sciences vol. 38,12 (2017): 1061-1084. doi:10.1016/j.tips.2017.09.002
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PROTEOGENOMIC DATA
(~14,000 altered genes per patient)

SHH

Patient stratification in medulloblastoma

D

institutCurie

MINIMAL SET OF GENES
(~1,800 altered genes per patient)

Forget et al. Cancer Cell. 2018
Nufez et al. Cell iScience. 2021
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An optimization problem
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@ An optimization problem
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Accuracy and optimal 8 and A values
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@ - el Patient stratification
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http://paperpile.com/b/UbMGYW/ReKg

C( Provenance of the associations

-~

[ Nodal & Activin signaling J
Rohr et al., 2001
WNT ‘ Read et al., 2009 ]
[ Carbohydrates }
receptor activity
PROTEIN
INTERACTIONS [ Sonic Hegdehog signaling J Radeke et al., 1999
SHH Briscoe and Thérond., 2003
[ K* neuronal channels ]
DRUG TARGETS
{ 64 unique pathways ]
GENETIC G3-G4 ‘ Guerreiro et al., 2008 \J
VARIANTS PI3K events
in ERBB4 signaling
FGFR1 }
G4 ‘ Egbivwie et al., 2019 ’
METABOLIC ( Synaptic transmission via l Kessels and Malinow, 2009
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Signorelli et al. BMC Bioinformatics. 2016



Neur¥Omics

@= Severity in Congenital Myasthenic Syndromes RD&Connect
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Severity in Congenital Myasthenic Syndromes
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Explainable synthetic data generation for paediatric cancer

A Variational Autoencoder (VAE) can learn By studying how the VAE generates synthetic data
representations of of patients and we identified four distinct omic signatures of a
therefore generate synthetic data. childhood brain tumor (medulloblastoma).

Real ENCODER LATENT SPACE
omic data -

DECODER

Synthetic
omic data

Tejada et al. 2022 [in preparation]



Explainable synthetic data generation for paediatric cancer

The VAE allowed us to discover
childhood brain tumor characterized by specific genes.

of the

UMAP dimension 1

h
WNT

Tejada et al. 2022 [in preparation]

UMAP dimension 2
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Explainable synthetic data generation for paediatric cancer

SHAP We identified 16 latent variables that
eeplLift SHAP, specifically map to 881 genes.
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Variables

XGBoost

Classification

Tejada et al. 2022 [in preparation]



Sample size and label availability
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Cirillo et al. Molecular oncology vol. 15,4 (2021): 817-829.
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Sample size and label availability

CEDCD
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Conclusions

Multilayer networks represent a powerful tool for heterogeneous data
integration in rare diseases such as medulloblastoma.

The study of multilayer community structure at different scales
enables to detect strong associations between bio-entities.

The study of multilayer community trajectories allows to accurately
performing tasks such as dimensionality reduction and molecular
interpretation.

Explainable synthetic data generation enables to both augment the
data and to identify genes that are relevant to data synthesis.
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