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Predictive model of regulatory DNA

Genome-wide protein-DNA binding map
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Genome-wide protein-DNA binding map

..GACTTGAAACGGCATTG.. ..GACAGATAATGCATTGA...

Inactive (0) (0.3) Active (+1) (20.2)
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DACTGTCATGGATATTCT.L

Class = +1 (20.2) -
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Ghandi et al. 2014
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Alipanahi et al. 2015
Zhou et al. 2015

LCAGTATGCATACGTGAA... Kelly et al. 2016, 2018 Class =0 (3.5)

Avsec et al. 2021
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High-resolution ‘shapes’ and ‘spans‘ of TF and chromatin profiles capture
exquisite information about protein-DNA contacts

+200bp

Distribution of stranded tag 5’ positions
around binding event (bp)

Protein-DNA binding expt.

| -

Distribution of tag 5 positions
around binding event (bp)
https://doi.org/10.3109/10409238.2015.1051505

-200bp
+200bp

DNA accessibility experiments



High-resolution ‘shapes’ and ‘spans‘ of TF and chromatin profiles capture
exquisite information about protein-DNA contacts

DNase-seq
ATAC-seq

H3K27ac
ChIP-seq

+200bp

Distribution of stranded tag 5’ positions H3K4mel
around binding event (bp) ChiIP-seq

Protein-DNA binding expt.
H3K4me3

ChIP-seq
) p11.2
chrig
ITGAL-}—}—}—}—}—}—}—}—}—}—].—}—}—}—}—}—}—}—}-l—]I-}—}—}—}—

TEal s

-200bp
+200bp

Distribution of tag 5 positions
around binding event (bp)

DNA accessibil ity experiments https://doi.org/10.3109/10409238.2015.1051505




Avsec et al. 2021 Nature Genetics
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Avsec et al. 2021 Nature Genetics

Assay bias/control track
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BPNet predicts base resolution protein-DNA binding profiles with unprecedented
accuracy (on par with replicate concordance)

Oct4, Sox2, Nanog and KIf4 in mESCs
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DeeplLIFT: Inferring predictive nucleotides in any sequence

Avanti Shrikumar

negative strand

—— positive strand
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DeeplLIFT: Inferring predictive nucleotides in any sequence

Shrikumar et al. 2017 ICML
Shrikumar et al. 2019 ISMB
Tseng et al. 2020 NeurlPS

Greenside et al. 2018, ECCB
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DeeplLIFT: Inferring predictive nucleotides in any sequence

Shrikumar et al. 2017 ICML
Shrikumar et al. 2019 ISMB
Tseng et al. 2020 NeurlPS
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DeeplLIFT: Inferring predictive nucleotides in any sequence
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DeeplLIFT: Inferring predictive nucleotides in any sequence

—— positive strand —— negative strand /_A/\’\/x/\-/\
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Alex Tseng
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Greenside et al. 2018, ECCB



mESCs

>0 bp . > Octd

distal enhancer

Oct4

ST BT ST __A__._.....-—-M.'LWW "‘““"f’f‘
Sox2 vl
e e e i e il ,.‘_,,*v‘,wr‘ 1_,_..;.,..‘
Nanog
,,____._—n&faﬁv ‘ufu“ﬂwt]ﬂm“
KW4




500 b
mMESCs R e o Oct4

distal enhancer

61 Oct4

O-W
67 Sox2

0_ ‘_—%Wﬁ
69 Nanog

3 Kif4
04~ e ;*%W
; S e DeepLIFT
Profile contribution scores P
Oct4 Oct4-Sox2
pooea | S
Sox2 Oct4 Sox2
— E———1 =
Nanog s .I\ﬂ)og
el
Klif4 Kif4 Nanog-alt Kif4
—— - ——
I Al 1 1 1 1 5 R 1
0 20 40 60 80 100 120 140

Position (bp)



Nanog

Oct4

-2.5 1

1.0 4

2.5

0.0 ~

1.0

0.0 ~

Y -

Nanog

Oct4-Sox2

Fold-change in

footprint height

21 P -

0 50 100 150

Position [bp]

Oct4-Sox2 - Nanog
Nanog— Oct4-Sox2

10 50 100 150
Distance (bp)

A e N
e T TN e

Motif distance =157

Sl

200



pred.
Oct4
binding

pred.
Nanog
binding

500 bp

— m r Oct4

distal enhancer

TF1 TF2

wild-type A-V—A-vf

Oct4-Sox2 Nanog

6.5- nexu
0- %
0.3' IS
[ - | e
G'g 1 nexus
- ———\
0-3- W\’

0 Jusﬁvwflﬂﬂhﬁcm&h

0

30 60
chr17:35504030-35504090 from distal Oct4 enhancer



Deciphering syntax dependent TF cooperativity with in-silico genome editing
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Deciphering syntax dependent TF cooperativity with in-silico genome editing
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Deciphering syntax dependent TF cooperativity with in-silico genome editing
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Distance dependent motif syntax rules of asymmetric directional cooperativity
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CRISPR mutations validate motif syntax Nanog <> Sox2

Sox2 ChIP-nexus

Sox2 motif CCTTTGTTCC

0.2]
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Predicted

Observed
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Genomic position (bp)

Julia Zeitlinger, Sabrina Krueger, Melanie Weilert



CRISPR mutations validate motif syntax Nanog <> Sox2

Sox2 ChIP-nexus
0.4
0.0 :l

Wt Sox2 motif CCTTTGTTCC
Mutant Sox2 motif CCTAGGTTCC
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Julia Zeitlinger, Sabrina Krueger, Melanie Weilert



CRISPR mutations validate motif syntax Nanog <> Sox2

Sox2 ChIP-nexus
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CRISPR mutations validate motif syntax Nanog <> Sox2

Sox2 ChIP-nexus
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CRISPR mutations validate motif syntax Nanog <> Sox2

Sox2 ChIP-nexus
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CRISPR mutations validate motif syntax Nanog <> Sox2

Sox2 ChIP-nexus
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CRISPR mutations validate motif syntax Nanog <> Sox2
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CRISPR mutations validate motif syntax Nanog <> Sox2
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CRISPR mutations validate motif syntax Nanog <> Sox2
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CRISPR mutations validate motif syntax Nanog <> Sox2
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Binding syntax is predictive of differential accessibility
after TF depletion & reporter expression

ATAC-seq log fold-change loss after TF depletion
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0 0.5 0 05
Predicted Predicted

(Independent previously published data
from Friman et al. 2019)



Binding syntax is predictive of differential accessibility
after TF depletion & reporter expression

5'LTR ;dsRed BC 3'uR

ATAC-seq log fold-change loss after TF depletion A
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Modeling ATAC-seq / DNase-seq profiles
(enzyme bias affects footprints)
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Anna Shcherbina



How to estimate Th5 / DNase bias?
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Read distribution in background regions is a function of enzyme bias
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ChromBPNet: Sequence to base-res chromatin accessibility profiles

total Tn5/DNase insertions (1 kb)
base-resolution probability profile (1 kb)

TP 1T TR0 TN T A

NN enzyme bias
predictor

c G AT A A CCGAT A T

2 Kb sequence Based on Avsec et al. Nature Genetics 2021



ChromBPNet: Sequence to base-res chromatin accessibility profiles

total Tn5/DNase insertions (1 kb)
base-resolution probability profile (1 kb)

TP 1T TR0 TN T A

NN enzyme bias
predictor

c G AT A A CCGAT A T

2 Kb sequence Based on Avsec et al. Nature Genetics 2021



Prediction performance (held-out chromosomes)

Log(predicted total counts)

Total counts prediction performance
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Prediction performance (held-out chromosomes)
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Denoised base-resolution bias-corrected chromatin accessibility footprints & de-
biased sequence features
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Denoised base-resolution bias-corrected chromatin accessibility footprints & de-
biased sequence features
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Denoised base-resolution bias-corrected chromatin accessibility footprints & de-
biased sequence features
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Denoised base-resolution bias-corrected chromatin accessibility footprints & de-
biased sequence features
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Denoised base-resolution bias-corrected chromatin accessibility footprints & de-
biased sequence features
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ChromBPNet can predict marginal footprints of cell-type specific TFs
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Similar sequence syntax derived from DNase-seq and ATAC-seq data
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Beta-globin locus in K562



High fidelity denoising, imputation and interpretations at different read
coverages
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High fidelity denoising, imputation and interpretations at different read
coverages

Beta-globin locus in K562
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High fidelity denoising, imputation and interpretations at different read

Beta-globin locus in K562
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High fidelity denoising, imputation and interpretations at different read

coverages
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High fidelity denoising, imputation and interpretations at different read
coverages
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ECDF

ChromBPNet predicted tracks are substantially similar compared to
observed tracks at different read depths
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Using 500M as ground truth we compare degradation in signal quality at different read depths

ChromBPNet predicts substantially similar profiles compared to the observed tracks







High fidelity marginal footprinting in K562 at different read depths
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High fidelity marginal footprinting in K562 at different read depths
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High fidelity marginal footprinting in K562 at different read depths
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High fidelity marginal footprinting in K562 at different read depths
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High fidelity marginal footprinting in K562 at different read depths
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Model driven prioritization and
interpretation of non-coding genetic
variation

Soumya Kundu Laksshman

Anna Shcherbina Anusri Pampari Sundaram
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BPNet/ChromBPNet can predict variants influencing regulatory activity

Predicted SPI1 protein-DNA binding Predicted chromatin accessibility Predicted histone mark (H3K27ac)
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BPNet/ChromBPNet can predict variants influencing regulatory activity

Predicted SPI1 TF ChIP-seq

SPI1 TF Predicted Qount Track (Ref vs Alt)
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BPNet/ChromBPNet can interpret variants influencing regulatory activity

Predicted SPI1 TF ChIP-seq
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BPNet/ChromBPNet can interpret variants influencing regulatory activity

Predicted SPI1 TF ChIP-seq

Predicted DNase-seq
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Variant Effect Scoring with ChromBPNet

* ChromBPNet has two heads counts and profiles

* Variant effect scoring with counts head

log(counts,,) - log(counts,.)

* Variant effect scoring with profile head

JensenShanon(Pprofile,, Profile,.) * Sign(log(counts,,) - log(counts,,))




Dnase-seq ChromBPNet outperforms deltaSVM for predicting dsQTLs in LCLs
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Single cell chromatin dynamics during human cardiogenesis
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Single cell chromatin dynamics during human cardiogenesis

UMAP Dimension 2
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~215k regulatory elements
~110k

Healthy control mutations
(Simon Simplex)

~54k Congenital heart disorder mutations
(PCGCQC)

scATAC Fetal Heart

Laksshman
Sundaram



~215k regulatory elements
~110k

Healthy control mutations
(Simon Simplex)

~54k Congenital heart disorder mutations
(PCGCQC)

scATAC Fetal Heart

No enrichment of CHD mutations in all/cell type resolved scATAC-seq peaks! Laksshman
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Eg: CHD case mutation affecting accessibility of enhancer in Art/Cap
endothelial cells
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Cell states enriched for prioritized de novo non-coding mutations in

CHD
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CRISPR experiments confirm downstream gene targets of enhancers

containing prioritized CHD mutations
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Summary

e Base-resolution neural networks can learn very accurate models of
regulatory DNA sequence from bulk and single cell regulatory
profiling experiments

* Can be queried to decipher novel subtle sequence syntax properties
* Can be used to decipher regulatory genetic variation

e Can be used to prioritize likely causal variants in GWAS loci and de-
novo non-coding mutations

* Can be used to design precise genome editing experiments

e Foundation of in-silico platforms for biological discovery, hypothesis
generation & model-driven iterative expt. design
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