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Deciphering gene regulation

Transcriptional regulation coordinated by transcription factors (TFs)
binding to promoter and enhancer elements

Distal enhancers may be >1Mb from promoters, physically interact via
chromatin looping

1D epigenomic data (chromatin accessibility, histone marks) map
candidate enhancer elements but not their connectivity
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Advances in chromosome conformation capture assays (e.g. Hi-C, HiChlP)
can now resolve 3D genomic interactions relevant to gene regulation



3D dysregulation in cancer cells

* Somatic alteration or epigenetic disruption of 3D
organization can lead to oncogene activation, tumorigenic
processes

— E.g. hypermethylation can lead to loss of insulation of PDGFRA
in IDH mutant gliomas

— E.g. loss of H1 linker histone leads to chromatm “decompactlon
in germinal center B cells ' -
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Outline

HiC-DC+: a statistical framework for calling
significant and differential interactions in
Hi-C and HiChlIP

— Sahin et al., Nat Commun 2021
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GraphReg: a deep learning approach for
incorporating 3D genomic interactions in

predictive models of gene regulation SEEY
— Karbalayghareh et al., Genome Research, to 4
appear 7o = P =) QT =)

Network Network

Epiphany: a deep learning model to predict
the 3D contact matrix from 1D epigenomic
data

— Yang, Das, et al., bioRxiv 2021
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Mapping the 3D genome and
calling 3D interactions



Mapping the 3D genome

* Hi-C, chromosome conformation capture

— Capture 3D interactions: crosslink DNA (now in situ),
restriction enzyme digest, proximity ligation, pull down,

paired-end sequencing

purify, shear DNA & PCR amplify
library

fill ends &
pull down biotin

mark W|th biotin

‘4’ ) DNA 7
“““ ; \ \ "‘ _",_ T .;_ - = '1]%

crosslink

I|gate ligate adapters
sequencing

digest W|th

restriction enzyme
RE ktail ]
(or RE cocktail) Adapted from Arima product sheet

— Read pair = “contact”; build contact matrix for input cell
population: C;= #paired end reads with anchors in bin; and

bin;



Hierarchical folding of chromatin

e TADs and CTCF/cohesin loops TAD loop

believed to play an “insulator” role
in gene regulation

* 3D promoter-enhancer interactions
can be more subtle than structural
loops
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Calling 3D loops vs

e Typical Hi-C loop callers treat
the contact map like an image

— Find pixels that are brighter than
surrounding pixels

— May use normalization,
smoothing to improve signal-to-
noise

— Generally no good estimate of
statistical significance

— Conservative, calls structural
llIOOpS”
* Need more sensitive approach

to find 3D “interactions” like
promoter-enhancer contacts

i:
I

M

Chr8

g

nteractions”

C Chr8 Yy C Chr8 J)

133.77 134.57 133.77 134.57 Mb

O = # of contacts at peak

— _— Exp( )=83.3
Exp([]) = 67.4
| | Exp([d) = 78.9

Exp([_1)=88.4

-I[- | Peak = 341
-

Rao et al., Cell 2014




Methods matter: HiC-DC+

Decay of mean Bin count
with distance

e “Hj-Cdirect caller”: use read counts from raw contact 1o
matrix directly, without normalization

— Estimate background model (expected read count)
directly from data using negative binomial regression

— Covariates: genomic distance (spline fit), mappability,
effective bin size (related to restricting enzyme e
density), GC content o e i b i

« Empirical mean
« Outliers

80 Initial model fit
Refitted model
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Mean count per locus pair

— Assign P value (or Z-score) to interactions
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Genomic contact distance
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* HiC-DC+: Efficient code, extends to HiChlIP,
differential interactions between cell types

Carty et al., Nat Commun 2017;
Sahin et al., Nat Commun 2021
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Methods matter: HiC-DC+

* Gain of promoter-enhancer
for developmental gene PDX1
in guided pancreatic
differentiation

— With Danwei Huangfu and

Eftychia Apostolou (as 4D
Nucleome project)
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HiC-DC+ analysis of HiChlIP

e HiChlP: Hi-C contact library
followed by chromatin IP for =
protein/histone mark of
Interest

— H3K27ac HiChlP: regulatory
interactions, i.e. promoter-

enhancer, enhancer-
enhancer, etc.

 E.g. “enhancer hub” via

differential analysis :

between mouse ESC and
MEFs

— Data from Effie Apostolou
lab (cf: Di Giammartino et
al., 2019)
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Graph neural networks for
predictive models of gene regulation



Predictive models of gene regulation

 Can we learn to predict gene expression levels from 1D
(e.g. DNA sequence, epigenomic signals) and 3D (physical
interaction data)? —

enhancer region

f'—‘—"‘u“l - L—
, :

Ac v Ac
TF _
transcri pt
ucleosome
ucleosome-free sition region tra Ipti
4 o

nucleosome p omoter region

- 1
‘ﬁ/iii_JliL/!, L LJWH.PQ,_J.ﬁL//

gene

TF
* |f we could learn an accurate predictive model and
interpret the model, we could:

— ldentify functional enhancers and TF regulators of genes
— Predict how gene expression would change under perturbations



Epigenomic data encodes regulatory
information

 E.g.chromatin accessibility (ATAC-seq) maps local
regulatory elements and encodes global

differentiation state

Functional
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Tumor-
specific
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Predictive gene regulatory models

* Previous GRMs predict gene expression (or fold change) from DNA
sequence and accessibility/activity of regulatory elements in order

to decipher gene requlation

_ TFs Latent tasks Tumors _ Tumors  _
Inputs AR Copy number
u‘f s changes
@ - AR
c
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B ol | A GGAT] ¢ DGAaTaceT| }—{rcrcaac —caTaccer] -
DNA
Cell line ATAC-seq Patient RNA-seq methylation l
Osmanbeyoglu et al., Nat Commun 2019
. \f
HSPC o \\\\////\\:
O |—~ :EE'E-;F:—A — Output mRNA expression changes
Gene g SeqGL e Setty et al., Mol Syst Biol
B cells scores expression
| y 2012
Promoter B Ceur HSE’CT Ubiquitous  Transition
Gonzalez*, Setty* etal, ;A 5"“'1“ |
Nat Genet 2015 I, IF .

* Missing information: connectivity of promoter and enhancers
* I|dea: use 3D interaction data in graph neural network GRMs



GraphReg: graph neural networks for
gene regulatory models

* |dea: use Hi-C/HiChIP to encode long-range chromatin interactions
as a graph, propagate information information via graph neural
networks (GNNSs)

* Nodes of graph = genomic bins, edges = 3D genomic interactions
* Input features: epigenomic data or DNA sequence
e Qutput: gene expression (at node)

 Compare to (dilated) convolutional neural networks (CNNs), use
only 1D data
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Epigenome-based GraphReg

Epigenomic data 5Kb HiC/HIChIP

1D input: chromatin : - 3D input: regulatory

accessibility chromatin interactions

and histone ol il o Al S i (H3K27ac HiChlIP)
modifications data ... F. # 4

Adjacency graph of genomic bins

AR

Graph attention networks

Convolutional layers &\(b Attention head 1
——= Attention head 2
_) Attention head 3

O Promoter

Karbalayghareh et al.,

Genome Research, in press
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Output: CAGE-seq
Gene expression data (gene eXpreSSIOn at

CAGE:seq L_J_‘_li TSS)

* Predict gene expression from activity and connectivity of regulatory
elements

* “Cell-type-agnostic”: can generalize to a new cell type given cell-type
specific 1D and 3D inputs



Sequence-based GraphReg

6Mb DNA sequence

1D input: DNA sequence

Karbalayghareh et al.,
Genome Research, in press

Dilated Convolutional layers
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Output: accessibility,
histone marks

sequence + 3D connectivity

training cell type

5Kb HiC/HIChIP

3D input: regulatory
chromatin interactions

Adjacency graph of genomic bins

RBRERAL

Graph attention networks

L o

Attention head 1
—— Attention head 2

Output: CAGE-seq

Gene expression data

CAGE-seq L o J ‘ m L

Predict expression and 1D epigenomic signals from genomic DNA

“Cell-type-specific”: captures TF binding signals that are specific to the



log2 (pred + 1)

Prediction of gene expression

* Train on cell line data, assess performance on held-out
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Epigenome-based models

Prediction performance

Sequence-based models
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GraphReg models outperform baseline 1D dilated CNNs
Sequence-based prediction is more difficult
Prediction of expression per se is not the point: want to interpret

the model



Feature attribution to predict
functional enhancers

* DeepSHAP identifies features/genomic bins that

contribute most to specific gene predictions
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Evaluation of enhancer prediction with
FlowFISH

KRAB-dCas9 ‘@ RNASs to
(CRISPRI) ST DHS elements

ﬁ@% B{%A\? * CRISPRi-FlowFISH: CRISPR
Inactivation screen against

Eﬁ'lf’aeé%fié'”gogggo candidate enhancers, reads
Q0 o .
GRNA virus F %25 out expression change of

° ’“o target gene

RNA FISH ® m
for gene of interest l

e Activity-by-contact (ABC):

Sort cells (FACS) | . .
Lomigh score for DFEdICtlng

T IR functional enhancers based
[e¢][Se]|Se[ee|lee[S° on activity (DNase,
i?gru:frf\ggt%?géﬁjg‘s%r?i;s(pression H3K27aC) and HI_C ContaCtS

Fulco et al., Nat Genet 2019



GraphReg improves functional
enhancer prediction

e Use FlowFISH experiments sufficient data on distal elements
(2574 candidate elements for 19 genes)

* GraphReg models with DeepSHAP or saliency outperform
CNN models, ABC

DE-G Pairs (2574)

1 0 ABC: AUC = 0.364
) Epi-GraphReg (Deepshap): AUC = 0.4185
. . . Epi-GraphReg (Saliency): AUC = 0.4236
Distribution of 19 Genes Seq-GraphReg (Saliency): AUC = 0.3955
1.0 _ Epi-CNN (Deepshap): AUC = 0.337
l l 08 Epi-CNN (Saliency): AUC = 0.366
Seq-CNN (Saliency): AUC = 0.3062
0-8 c GraphReg
0.6
0
Qos 2 o B
] — ] j
S | &0.4 CNN
<o0.4 ="
0.2
) —( I —{ ABC
0.0 I I 0.0
P07 e et T o (oo e (s 00 02 04 06 08 10
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GraphReg models access distal
mformatlon unavallable to CNNs

NU1-106P 1-89M16.1 C009 lllllllllllllllllllllll
5 )RN7SK 226 »AC068570.1 -105 N32 CMHGSDMC

333333 ] | | | Feature attribution
Epigenome- [ -
based — m_g} e GraphReg
models 9 -
Joa ] e CNN
— -0}
Sequence- ) Sallency scores fo Gratheg
based \ ‘1’} Prediction
models : A CNN
Zj T T I Y FlowFISH Scores
l L 4me:
Lb AL e
Wt

H3K27ac HiChIP
Arcs

* Dilated CNNs can accept large input region, but feature
attribution shows they rely on promoter-proximal signals



GraphReg predicts gene expression
changes under TF knockout

e (Can we test that Seqg-GraphReg is learning meaningful sequence
information?

* |nsilico TF KO via motif ablation:

JunD G
nouf ATOACTCAL |ﬁg
| —

N

— Predict expression of g from original sequence and from sequence
with TF hits ablated (set to 0), get predicted logFC

n>=0 n>=0

0.8

11

0.6 |
1.0

 Compare results to true TF -~ o
knockdown in K562 cells |

from ENCODE (29 CRISPRI ~ :

experiments)

0.4 —_—

0.2 . T 5 0.8

Mean Log2FC

-0.6 —1

0.3

Seq-GraphReg Seq-CNN Baseline Seq-GraphReg Seq-CNN Baseline

Mean logFC Precision



GraphReg identifies TF binding events

that contribute to gene regulation

Gene TCF3, o 9 PP AT DT PSR P 1
downregulated upon---
JUND KO N

Enhancers A and B

have direct HiChlP
interactions with

promoter  Enhancer A

In silico mutagenesis E i M T
identifies JUND * ,

motifs in both distal JuND ot LK Tc

enhancers



Coming next: adapting regulatory
models to sc-multiome

* High-quality scATAC + scRNA co-assay data enables new algorithmic
possibilities

* E.g. Mutant FOXA1 alleles in prostate organoids (with Charles
Sawyers lab) RNA

Truncations after  R219 mutations 5.4%

FKHD domain .
D226N mutations
1.6%
Amp + mut 0.6%
Am)
g 20% " other
" . -
a FOXA1 mutations in prostate cancer b /. Mut 22%
8.4%
P ) M253 F254 ing2- t
5 25 e Missense \ Vrvr:ztgaﬁi;‘r?;spo
) ) H247 \ | R261
g e s1% ® Empty Vector e Basal
3
. N
E Predicted DNA contact ® Foxa FE255 Lum"’]al
5 ® Foxal G275X
e} . ole ¢ T e e o W™ P s oxa
z0
N-terminal FKHD FKHD DN, ® Foxa1 H247Y
0 100 =77 200 TS — 400 472 ® Foxal M253K
— - —— aa .
- ~ - Foxal WildType
- -~ —
—
_ — 7 ahelix 1 1 o-helix 2 p2 Wlng1 B3~ _ Wing2 (ho SpO ) —
FOXA1 HAKPPYSYISLITMATIQOAP! LSEIYQWIMDLFPYYRQNQQRHQHSIRHBLSFND PDKPG! HPDSGNMFENGCYLRRQKRFKCE
FOXA2 HAKPPYSYISLITMAIQQSPI 'LSEIYQWIMDLEPFYRONOQRWONSIRHSLSFND PDKPG] HPDSGNMFENGCYLRRQKRFKCE
FOXA3 HAKPPYSYISLITMATQOAP LSETYOWIMDLEPYYRENQORWONSIRHSLSFND) PDKPG! HPSSGNMFENGCYLRROKRFKLE
168 219 22 247 254 261 269
c MSK-IMPACT 504 mutant frequencies by stage R219 Wing2-hotspot alterations Others Total
Locoregional (n = 30) 6.7% (2) 66.7% (20) 26.7% (8) 100%
Metastatic non-castration-resistant (n = 13) 0.0% (0) 38.5% (5) 61.5% (8) 100%
Castration-resistant (n = 18) 11.1% (2) 44.4% (8) 44.4% (8) 100%
d Point mutation frequencies in FOXA1 mutant cases Non-FOXAT1
adenocarcinoma vs NEPC ' R219 point mutants ~ Other point mutants Total mutant cases
Adenocarcinoma (n = 1,742) 9.5% (8)1 90.5% (76) 100% (84) 1,658
NEPC (n = 80) 75% (3) 25% (1) 100% (4) 76




Conclusions (GraphReg)

Graph neural network model can predict gene
expression (TSS output) across large genomic regions
from 3D and 1D data, or from DNA sequence using 1D
epigenomic prediction as auxiliary task

Epi-GraphReg and Seq-GraphReg outperform baseline
dilated 1D CNN models for gene expression prediction

More importantly, can use feature attribution/in silico
mutagenesis to predict functional enhancers for genes

Epi-GraphReg and Seqg-GraphReg outperforms ABC
score for identifying enhancer elements, as validated
by CRISPRi-FlowFISH

Next step is to deploy in biologically meaningful
contexts, move to single cell multiome data



Predicting the Hi-C contact map



Predicting the 3D contact map from 1D
data

* Recent deep learning models like Akita
(Fudenberg et al., 2020) and DeepC
(Schwessinger et al., 2020) predict the Hi-
C contact matrix from DNA sequence

— Does not generalize to a new cell type

— Can be expensive to train (*1Mb input
sequences)

* Can we train a relatively lightweight model
on 1D epigenomic data (histone marks, o
CTCF, DNase) instead? Akita model (2020)

— Want to be able to use predicted Hi-C maps

quantitatively (e.g. to call interactions or
TADs)




Epiphany predicts the Hi-C contact
map from 1D epigenomic tracks

 HiC-DC+ or other preprocessing, MSE + adversarial loss

Epigenetic
Tracks

Yang, Das et al.
bioRxiv 2021

Target Hi-C Segment

Sliding window | v —
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Epiphany predicts the Hi-C contact
map from 1D epigenomic tracks

* Sliding window to extract epigenomic inputs

* J 34787 - — i . T T e e T A
T T : ‘.I.- 16560 | W L llll_m i AA;AM.‘. A ‘LDNaSeI
. h . AJ“ SN TY T . _ _ : k. A ‘_L H3 ‘
et ;= P P PR TV S TV Wi
koae T Ll B S
T O S o o T N U OO TR Y I W
: Real Hi-C
“00000‘:;“’00““
|} .
— \_ l Window /
| .
eeeeeeeee { BB - B ! size
hol- Tl A
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“l — # tracks
Generat:d Hi-C l (5 )
i o ,,
| I <«—> # of windows
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Sliding window
over input tracks

eeeeeeeeee

Epiphany predicts the Hi-C contact

map from 1D epigenomic tracks
Bi-LSTM layers to predict “stripes” of Hi-C contact map

_________

# of windows

_________

Conv layers

Real Hi-C

-
.
“QQQM“
\ l
B E ! : .
bt L .
oo < bl‘LSTM |ayer
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[ ! (+FC)
m rrrrrrrrrrrr
| !
[ teer ] [ Unear + Sgmoid |
1 1 7
Generated Hi-C 3:8 4:9 5:10
> y _ 0 48 < 59 < 610
0000000‘0;00000000 47 5:8 6:9
# of windows 5:7 < 6:8 7:9 I
i 5:6 6:7 7:8
— [ MSE Loss Adv. Loss &8
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Epiphany predicts the Hi-C contact
map from 1D epigenomic tracks

* Generative adversarial network to yield realistic maps

SR S R
R N | o
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. ‘ o ' Tracks
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! |
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1 -
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bg 88 [ conid+ warees
#0f windows
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L ¢ iy W oo semos ) ] prediction
|
Generated Hi-C '
R0 <P
# of windows 71,500 72,000 72,500 73,000 73,500 74,000 Kb 74,500
Real Hi-c —> |  MSE Loss Adv. Loss




Epiphany generalizes across cell types,
learns cell-type specific contacts

 Example: same locus in GM12878 vs K562 (model trained
on GM12878, tested on held-out chromosomes within and
across cell types)
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Corelation for Epiphany
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Epiphany can better learn cell-type
specific structures

Similar performance to Akita on common held-out examples

Epiphany improves cell-type specificify: Akita makes similar
predictions across all cell types

Pearson correlation of common testing regions
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Predicting the impact of CTCF loss at
TAD boundary

 TAD fusion event due to loss of CTCF binding sites between the Kcnj2 and

Sox9 genes

e Use model trained in human GM12878 cells, test in mouse limb bud tissue

(E11.5, E12.5 data)
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Predicting 3D changes due to somatic
alterations

 Somatic 13g14 deletion
results in loss of TAD
boundary element in ALL,
TAD fusion, and oncogene
access to an enhancer

Predict impact of deletion
with Epiphany
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Conclusions (Epiphany)

Epiphany accurately predicts cell-type-specific Hi-C
contact map from 1D epigenomic signals

Bi-LSTM better captures long-range effects of
epigenomic inputs on 3D interactions, while generative
adversarial network produces more realistic contact
maps

Epiphany can generalize across cell types and species,
outperforming sequence-based models

Can use Epiphany to predict the 3D impact of
epigenomic perturbations, like loss of boundary CTCF
binding events

Coming next: predicting of the Hi-C map from single-
cell epigenomic data with scOrigami
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