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BPNet predicts reg. profiles from sequence with unprecedented accuracy
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Opening up the blackbox



DeeplLIFT: Inferring predictive nucleotides at individual binding events
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TF-MoDISCO: Cluster and consolidate predictive subsequences
into contribution weight matrix (CWM) motifs

Insight: conv. filter contributions are integrated at the nucleotide level

L
2 H | S 1
. equence

§ L T._[%Ccn__ o G OC _Tﬂ_Td:xi:}"-‘i -,CCcCCl_CC(CT ﬁ r\ -C=C: L ¢ +C+c q

. Callle 7 (0

|

Q LLC Q\ CM Il Sequence 2

() S LD |

O |seseae — HT HT ,,L Oﬂ CLC ar _LC e fﬁc & r 1 T (H% e T =

I

L JTUC*J ! 1&11
o m h Sequence 3
§ |l € TG @ o x.C T'|'1JHTHJ-l Tv :7 , CTTC,4A_, i) Al TT [CMT C

Shrikumar et al. 2018, arxiv CODE: https://qithub.com/kundajelab/tfmodisco 1°



https://github.com/kundajelab/tfmodisco

Complex repertoire of motifs due to cooperative binding

All representative motifs
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Subtle low affinity patterns with helical periodicity flanking Nanog motif
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Using the model as an “oracle” to
perform large-scale in-silico
experiments
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Deciphering syntax dependent TF cooperativity with in-silico genome editing
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Using the model to design CRISPR experiments to validate discoveries
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Model-driven prioritization of
functional genetic variation
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UMAP Dimension 2

Prioritizing putative causal variants in disease-associated loci
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Summary & Outlook

* Predictive blackbox models + interpretation frameworks
* Prediction, de-noising & Imputation
* Biological discovery of causal phenomena
* Hypothesis generation and optimized experimental design

* Important to be transparent about the limits, blind spots, biases
& pitfalls of each model

* What do we need?

* Large-scale, harmonized ML-ready observational and perturbational data
Decentralized, scalable, affordable compute resources

Unified ecosystem: Compute <> Data Portals <~ Model Zoos < Literature Mining
New user-interfaces to models for interactive discovery, search and design
Incentivizes collaborative efforts & diverse contributions




Democratizing ML for genomics: http://kipoi.org/

ﬁKipoi: Model zoo for genomics
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Kipoi (pronounce: kipi; from the Greek kfjol: gardens) is an APl and a
repository of ready-to-use trained models for regulatory genomics. It currently
contains 1709 different models, covering canonical predictive tasks in
transcriptional and post-transcriptional gene regulation. Kipoi's APl is
implemented as a python package (github.com/kipoi/kipoi) and it is also

accessible from the command line or R.

Numbers
# of models: 1709
# of model groups: 16

# of contributors: 6

# of model groups supporting postprocessing:

« Variant effect prediction: 11/16
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Easy installation of
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Few lines of code to use
models to predict
Exactly reproduce
analyses

Trivial to compare
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Retrain models
Fine tune models
Combine models
Contribute models

Avsec et al. 2019 Nature Biotech
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