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Predicting in-vivo TF ChiIP-seq binding
events at chromatin accessible sites

Output: Bound (+1) vs. not bound (0)

Binary classification problem
Positive set: 1Kb sequences overlapping reproducible target TF
ChIP-seq peaks in specific cell type

Negative set: 1Kb sequences overlapping all chromatin
accessible sites that do not overlap target TF ChlP-seq peaks
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Input: Raw DNA sequence




Convolutional neural network (CNN) learning
from raw DNA sequence
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CNN for learning from 1D genomic signal profiles
(e.g. Dnase-seq, MNase-seq, ATAC-seq)
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THE CHROMPUTER

Integrating multiple inputs (1D profiles, sequence) to
simultaneously predict multiple outputs
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Model performance: cross cell-type prediction

(held-out cell type + chromosome)

Area under Precision-Recall Curve
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Model performance: cross cell-type prediction
(held-out cell type + chromosome)

Recall at 10% FDR
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Model interpretation

Q’s we will try to answer:

— Motif discovery: Primary motifs and cofactor
motifs?

— Learn sequence grammars: homotypic/heterotypic
co-binding events, density and spacing of motifs

— Heterogeneity: Are there different subsets of TF
binding events with distinct sequence grammars?

— From low resolution (~100-500 bp) peaks to high-

resolution point binding events
ENCODE



DeepLIFT: Predictive power of features in
Deep Neural Networks

Which ’\ /A
neurons/filters

are predictive?

Avanti
Shrikumar
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Which nucleotides in input sequence are contributing to binding




DeepLIFT: Predictive power of features

in Deep Neural Networks
* Decomposition of contribution of each input to
immediate outputs
— RelLU networks: piece-wise linear

— Recursively apply (with chain rule) to get contribution of
any input to any output

— Can be computed efficiently with a single backpropagation
(unlike in-silico mutagenesis)

— Less susceptible to buffering effects than in-silico
mutagenesis

e Technical details:
— Importance of any input to any output = gradient * input

— Expands on classical sensitivity analysis proposed in
Simonyan et al. 2014




Current motif discovery approaches produce
multiple partially redundant motifs (e.g. Nanog)

MEME/HOMER
(Kheradpour et al.)
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Motif discovery using DeepLIFT

Each PWM like “filter’ in convolutional layers gets a deepLIFT score
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How do we combine the aggregate contribution
of multiple filters at individual sequences?

Insight: filter contributions are resolved at the nucleotide level

r
Sequence 1

I_x_c _G_[Cyrec‘j = A.r_:c_ece {TQCTMA_C(CCCLCC_(CTNTAJ rl | e £ d G G e

o,

Aprob

Il Sequence 2

I;_ i TTCJ Gﬁ PSRN, - 2 R o 2 A";O;'T OLH, o

- _|_ 'H =7 Y7 Y cl AT, '}1-1;7 -—H -l—f C \ l‘H_‘m—ﬂ.ﬂf;
J

Aprob

Sequence 3

g[
%___Qck_sc_ﬁ‘%c e ) TT al I'HT A , A CTTG,%W e TTTTTCJ%LL

Sl S Yy ye



How do we combine the aggregate contribution
of multiple filters at individual sequences?

Insight: filter contributions are resolved at the nucleotide level
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How do we combine the aggregate contribution
of multiple filters at individual sequences?

Insight: filter contributions are resolved at the nucleotide level
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How do we combine the aggregate contribution
of multiple filters at individual sequences?

Insight: filter contributions are resolved at the nucleotide level
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4 main non-redundant agglomerated
DeepLIFT motifs
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4 main non-redundant agglomerated
DeepLIFT motifs

Aggregate DeeplLIFT gradients

Underlying PWM

Homer match
(Heinz et al.)

Aggregate DeeplLIFT gradients

Underlying PWM I AG T LA == T f..).- 44

Homer match
(Heinz et al.)

Ase Zic3 Is Required for Maintenance of Pluripotency in Embryonic Stem Cells®™
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Underlying PWM Zic3 (Jaspar; Zhao et al.)




Heterogeneity
At least 3 distinct classes on Nanog sites
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Reproducible Nanog ChiP-seq peaks




Sequence grammar involving Nanog and Zic3
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Sequence grammar involving Nanog and Zic3
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Interaction Summary

All Organisms

NANOG BAIT  ZIC3 PREY

2410002E02Rik, ENK, ecat4 Bn, Ka, RP23-321F18.1

Nanog homeobox zinc finger protein of the cerebellum 3

m GO Process (12) GO Function (5) GO Component (2)

GO Process (22) GO Function (8) GO Component (3) EXTERNAL DATABASE LINKOUTS
MGI | VEGA | Entrez Gene | RefSeq | UniprotKB | Ensembl
EXTERNAL DATABASE LINKOUTS Mus musculus
VEGA | MGI | Entrez Gene | RefSeq | UniprotKB | Ensembl
Mus musculus m.un "I |

100 150
Affnity Capture-MS &t 1 hit (both in fwd orientation)

An interaction is inferred when a bait protein is affinity captured from cell extracts by either polyclonal antibody or epitope tag and
the associated interaction partner is identified by mass spectrometric methods.
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Publication Mcgé&rfx - Li ¥.LL$V"2£-—.¥‘L"”
A direct physical interaction between Nanog and Sox2 regulates embryoni v (@€

Gagliardi A, Mullin NP, Ying Tan Z, Colby D, Kousa Al, Halbritter F, Weiss JT, Felker A, Bezstarosti K, Favaro R, Demmers J, Nicolis SK,
Tomlinson SR, Poot RA, Chambers |

Embryonic stem (ES) cell self-renewal efficiency is determined by the Nanog protein level. However, the protein partners of Nanog
that function to direct self-renewal are unclear. Here, we identify a Nanog interactome of over 130 proteins including transcription
factors, chromatin modifying complexes, phosphorylation and ubiquitination enzymes, basal transcriptional machinery members, and
RNA processing factors. Sox2 was identified as a robust ... [more]
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DeepLIFT motifs are more predictive than classical
PWMs even in simple logistic regression models
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High resolution point binding events and
sequence grammars at a CTCF double peak
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Deep learning sequence determinants of context-
specific chromatin accessibility across hematopoietic
cell types

Ryan Corces-Zimmerman
Jason Buenrostro

Will Greenleaf
Howard Chang Peyton -
Ravi Majeti Greenside
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Multi-task deep CNN model of context-specific
chromatin accessibility

Output: Accessible (+1) vs. not accessible (0)

Input: Raw DNA sequence



Context-specific re-use of regulatory
sequence in HSC, B-cells and Erythroblasts
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HSC’s

Importance in

Context-specific re-use of regulatory
sequence in HSC, B-cells and Erythroblasts

ATAC-seq

SPI1 ChiP-seq ?

GATA1 ChIP-seq ?
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Context-specific re-use of regulatory
sequence in HSC, B-cells and Erythroblasts

ATAC-seq No peak
SPI1 ChIP-seq No peak
GATA1 ChiP-seq Not expressed

Importance in B-cells
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Context-specific re-use of regulatory
sequence in HSC, B-cells and Erythroblasts

ATAC-seq

Importance in Erythroid
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...and much, much more
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Chromputer predicts multiple histone
marks from ATAC-seq or DNase-seq/MNase-
seq + sequence with high accuracy

Chuan Sheng
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ATAC-seq generates variable length fragments
reflecting different aspects of chromatin architecture

Nucleosome-free Nucleosomal L::\?::r::::i:d
fragments fragments fragments 10
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Fragment Length (bp)
NATURE METHODS | ARTICLE & B =

Transposition of native chromatin for fast and

sensitive epigenomic profiling of open chromatin, Pa | red -en d Seq uen Ci N g

DNA-binding proteins and nucleosome position

Jason

D Buenrostro, Paul G Giresi, Lisa C Zaba, Howard Y Chang & William J Greenleaf
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ATAC-seq peaks identify chromatin accessible regulatory elements




Position-aware 2D fragment length
distributions (V-plots)

Positioned
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Aggregate plot for all ATAC-seq peaks in CTCF state

V-plots were first introduced by Henikoff et al. 2011, PNAS



Position-aware 2D fragment length

distributions (V-plots)
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Aggregate plot for CTCF state _nucleosome
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Plot at single CTCF site — sparse and noisy

V-plots were first introduced by Henikoff et al. 2011,
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Can we predict chromatin
states/histone marks at ATAC-peaks?

Scale
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Chromatin architecture can predict
chromatin state in held out chromosome
(same cell type GM12878)

Model + Input data types 8-class chromatin
state accuracy (%)

Majority class (baseline) 42%
Gene proximity 59%
Random Forest: ATAC-seq (150M reads) 61%
Chromputer: DNase (60M reads) 68.1%
Chromputer: Mnase (1.5B reads) 69.3%
Chromputer: ATAC-seq (150M reads) 75.9%
Chromputer: DNase + MNase 81.6%
Chromputer: ATAC-seq + sequence 83.5%
Chromputer: DNase + MNase + sequence 86.2%

Label accuracy across replicates (upper bound) 88%



High cross cell-type chromatin state prediction

* Learn model on DNase and MNase only
* Learn on GM12878, predict on K562 (and vice versa)
* Requires local normalization to make signal comparable

8 class chromatin state accuracy

Train {, / Test > | GM12878 K562

GM12878 0.816 0.818

K562 0.769 0.844



Predicting individual histone marks
from ATAC/DNase/MNase/Sequence

Area under Precision recall curve lm
dnase

sequence
dnase-mnase
0.75 - dnase-MNase-sequence
dNase-MNAse-Ma-gancode-Sequence
Athc-and-cut
atac-and-cut-gencode-sequence
- J ‘

CTCF H3K27ac H3K4me3 H3K4me1 H3K9ac H2Az H3K36me3 H3K27me3 H3K9me3




What architecture properties of the ATAC-seq V-
plots predict different chromatin states?

CTCF state: centered binding,
symmetric phased nucleosomes

Enhancer state: localized
signal, heterogeneity

Promoter state: broad regions
of accessible chromatin

what is the change in classification probability relative to an unbiased classifier if
we *only* consider the contributions from each pixel



Top scoring MNase filters and activatin
atterns for CTCF state
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Top scoring MNase filters and activating
input patterns for promoter state
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Summary

 Chromputer: Powerful multi-input, multi-output
integrative deep learning framework for regulatory
genomics

— Beware of negative set/background selection
— Beware of performance measures (most prediction tasks are
highly unbalanced)
* DeeplLIFT: efficient method for scoring importance of
raw input and intermediate induced features in deep
neural networks

— DNNs learn distributed representations. Caution in over-
interpreting individual filters

— Propagate and integrate multiple filter effects on raw input
of individual examples.

— Cluster ‘important’ local patterns across examples to learn
non-redundant global patterns

* Extensive evidence of differential usage of sequence
grammars at regulatory elements in different contexts
(To be validated with experiments!)
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Buffering and in-silico mutagenesis

Original DNA sequence Maxpool activation: 5

Convolutional layer

g 0 00O

CTACCTAG ATAATTG CTG ATAAG

Perturbed DNA sequence Maxpool activation: 4.8

Convolutional layer

9 9 0 O

CTACCTAG GTAATTG CTG ATAAG




Buffering and in-silico mutagenesis
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In-silico mutagenesis scores




Buffering and in-silico mutagenesis
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DeepLIFT scores

In-silico mutagenesis scores
arbitrarily scores left motif
stronger than right motif



Buffering and in-silico mutagenesis

e M { ATMA
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In-silico mutagenesis is
unable to detect the second
motif to the right




