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€) Supporting Stats&ML with biological knowledge
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Omnipath: Integration of over 100 knowledge resources
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@ Footprint signhatures from omics data

Transcriptomics
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‘Q Footprint + causal network inference
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Footprint methods work on bulk RNA...
Do they work on single-cell RNA?

Yes

(at least in to our benchmarks; Holland Genome Bio 2020)
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@ Analysis of Intra- and intercellular communication using scRNA
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Nat Comm 2022
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Automated workflows for diverse tools extracting required knowledge from Omnipath
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How to add the spatial context?
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Spatial multi-omic map of human myocardial infarction
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@ Integrative analysis to find deregulated intra- and intercellular processes
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@ Mechanistic insights on fibrotic tissue on human heart
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@ Leveraging spatial information to study interactions
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@ Dynamic models complement basal-based machine learning
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@ Dynamic logic models from prior knowledge and perturbation data
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{;’ Microfluidics to screen drugs combinations ex vivo

Pancreatic

Caspase reporter
+ RNA-seq
Noegel Szalai et al
Nat Comm, 2022
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@ Model provides patient-specific combinations therapies
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@ DREAM Challenges: Crowdsourcing computational biomedicine

Design Open Challenge Scoring
Pose
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Saez-Rodriguez et al. Nature Rev. Genetics, 2016

* Unbiased assessment & enhances reproducibility

 Can be run on confidential data via virtualisation of algorithms
(Guinney & Saez-Rodriguez, Nature Biot, 2018)

* Enables gathering Wisdom of the Crowds
* Applied to different contexts from digital mammography analysis to prediction of heart failure from genetics
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@ sSummary:

ML + knowledge & dynamic modeling for precision medicine
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