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Introduction



Motivation: The expanding scale and inherent
complexity of biological data

Global shortage of radiglQqgists, but also true
for other.medi€al specialities

- Huge amount of biomedical data
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Silvestrin, C. 2016. 1 EUROPE'S LOOMING RADIOLOGY CAPACITY CHALLENGE A COMPARATIVE STUDY C. SILVESTRIN



Precision medicine and artificial intelligence

Uddin, M., Wang, Y. and Woodbury-Smith, M., 2019. Artificial intelligence for precision medicine in neurodevelopmental disorders. NP/ digital

medicine, 2(1), pp.1-10.
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Supervised machine learning for the identification of
pathogenic variants

Supervised learning

Unsupervised learning

Reinforcement learning




Supervised machine learning for the identification of
pathogenic variants
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Decision trees are the main element of many
ML models

Decision tree Ensemble model
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Random Forests, XGBoost...




Exponential increase of ML publications in biology
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Walsh, Ian, et al. "DOME: recommendations for supervised machine learning validation in biology." Nature Methods (2021): 1-6.



High expectations



Challenges in Machine Learning for Health

Biomedical data Ethics Adoption
Mislabeled data Ownership Black box models
Biased data Privacy Privacy

Small training dataset
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CADD: ML-based score broadly used for the
identification of pathogenic variants

Pathogenic variants
E> Annotation |:> |:> ML model

Non-pathogenic Features
variants Training

14.7 M simulated

variants |:> Annotation |:> Support Vector Machine |:> CADD
= Sy (SVM)

14.7 M human-derived |

63 features

L == - GERP, phastCons,
PolyPhen...

- Kircher, Martin, et al. "A general framework for estimating the relative pathogenicity of human genetic variants." Nature genetics 46.3 (2014): 310-315.



64 FDA-approved Al/ML medical devices

Radiology - 30 (46.9%)
Cardiology - 16 (25.0%)
Internal Medicine/General - 10 (15.6%)

FDA APPROVALS FOR ARTIFICIAL INTELLIGENCE-BASED

DEVICES IN MEDICINE
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Benjamens, S., Dhunnoo, P. and Meskg, B., 2020. The state of artificial intelligence-based FDA-approved medical devices and
algorithms: an online database. NP/ digital medicine, 3(1), pp.1-8.



NCBoost

Non-coding Single Nucleotide Variants
(SNVs)

Caron, Barthelémy, Yufei Luo, and Antonio Rausell. "NCBoost classifies pathogenic non-coding variants in
Mendelian diseases through supervised learning on purifying selection signals in humans." Genome biology 20.1
(2019): 1-22.



Extraction of a comprehensive set of purifying selection signals
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Case study: NCAPD3 intron variant associated with autosomal recessive primary
microcephaly-22
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CN\Vscore

Copy number variants (CNVs)



Limitations of the clinical interpretation of CNVs

The French network of cytogeneticists and molecular
geneticists (Achro-Puce) reported in 2019 a total of 16 993
aCGH tests prescribed to pediatric patient.
~11.8% pathogenic orlikely pathogenic CNVs.
~8.2% variants.of unknown significance (VUS).

Limitations-of the clinical interpretation of CN\Vs
CNVs NOT mapping:
- Disease-associated genes
- Previously reported pathogenic CNVs
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CNVscore: an interpretable machine-learning model for
the identification of pathogenic CNVs

Training data

gnomAD
DECIPHER DGV
DECIPHER Population
Filter steps
- Heterozygous
- de novo

- Rare (Allele frequency <= 0.01)

- Remove noisy observations

- Remove reciprocal CNVs

- Match by length

- “Chromosome-aware” training

CNVscore

model

XGBoost * Bayesian

F 202

(decision rules)

Interpretable Uncertainty
quantification

Features (> 40)

Sequence constraint (e.g, pLI)

Regulatory features
(e.g, open chromatin)

Network features (e.g. Pagerank)

Expression features
(e.g. mean expression)

Gene features
(e.g, TFs, protein complex)

MITIGATE HUMAN BIAS

S e
GENOME-WIDE STUDIES




Summary

- Potential of artificial intelligence in health
- Challenges

- Examples

- NCBoost

- CNVscore
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