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Hi-C analysis illustrates
much of the material in the class

* Provides an illustration of
- How machine learning functions to make sense of
large, complex datasets
- Network topology
- Aggregation plots
- Spectral methods (SVD)

* |llustrates the evolution of the problem of annotating
active & repressed regions in the genome
- Original formulation in terms of “peak calling” on the
linear genome
- Revision of the original work, now at multi-scale
- Recent radical change: now thinking of the genome as
a 3D folded molecule



3D organization of genome

Tertiary
structure

Nucleus with
distinct territories

"We finished the genome map, now
we can't figure out how to fold it."

image credit: lyer et al. BMC Biophysics 2011,

cartoonist John Chase 10nm chromatin

Primary Structure

image credit: lyer et al. BMC Biophysics 2011
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Topologically associating domains (TADs)

TADs have apparent
hierarchical organization
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Modularity
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Network modularity

Dolphin social network Political books

. Newman Phy. Rev. E 2013
degree of node i
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Network modularity

degree of node i
adjacency matrix /
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Network modularity

Q — Qmax

Optimization
problem
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TAD Finding



Identifying TADs in multiple resolutions

network contact map i = b

chromosome R
node ) :
bin

edge Hi-C contact '

# of coverage '

connections g )

Modularity maximization . -

module domain

1 kik.
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@ QmZ( 2m) it

2,

schematic adapted from ref. [2]

[Yan et al., PLOS Comp. Bio. (in revision, ‘17); bioRxiv 097345]
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Identifying TADs in multiple resolutions
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[Yan et al., PLOS Comp. Bio. (in revision, ‘17); bioRxiv 097345]

10°

: adapted from ref. [2]
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[Yan et al., PLOS Comp. Bio. (in revision, ‘17); bioRxiv 097345]

Identifying TADs in multiple resolutions

input: contact map W null model E % % ] )
E;j = kir; f(|i —Jl)

\ * Numerically solve for K, in equations
N D E;=) Wy, fori=12,.N
J J

® )

N

Choose a particular resolution y

\thimize Q over all possible partitioy

1
Q= W Z(W” = ’7Eij )50,-09- y: resolution parameter
Y]
Multiple runs to define boundary scores
for all pairs of adjacient bins

consensus boundaries based on
the boundary scores

consensus TADs output
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[Yan et al., PLOS Comp. Bio. (in revision, ‘17); bioRxiv 097345]

Identifying TADs in multiple resolutions

input: contact map W

\ choose y: resolution parameter
Q= —Lm,, = 1Eij 80,0,

Optimize Q over all possible partitions

Multiple runs to define boundary scores
for all pairs of adjacient bins

consensus boundaries

output consensus TADs

null model E

adjacient chromosomal bins
d every bin has its awn domain id
g
_F 4
a random bin is selected, update
: i based on the neighbars id
- " domain id is updated, another
- bin is selected

Mo more update; iteration stops
a modified
Louvain algorithm

bins are renormalzed 1o form
super-bins; prévious steps are
repeated

MNo mare update;
Mo mare renarnalization
two TADs are obtained
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[Yan et al., PLOS Comp. Bio. (in revision, ‘17); bioRxiv 097345]

Identifying TADs in multiple resolutions

. . . a continuous segment of chromosomal bins
a modified Louvain algorithm 9

every bin has its own moduleid  —@ O 9 > 9 > 10 > O o—

increase Q7

arandom bin is selected, update _. O @ . @ ' ' . . ._

Is based on the neighbors’ module 3
increase Q7

module id is updated, another _. O O . ') . ’ . . ._

node is selected

No more update; iteration stops —. > @) . {Y . . . . .—

increase Q7

bins are rencrmalized to form \ ( \
super-bins; previous steps are E. . .j @ q ‘\. . .j @ .)_
repeated

No more update; A A

Mo more renormalization

two TADs are aobtained _. . . . . . . . . ._

14 - Lectures.GersteinLab.org



>

log2(interaction matrix) - chrl0 Mb (resolution: 40Kb)
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Identifying TADs in multiple

hESC: chr 10

[Yan et al., PLOS Comp.

reso' Uti o ns Bio. (in revision, ‘17);
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smaller TADs but are detected
as the resolution increases
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v=2

H3K4mel H3K27ac H3K36me3  H3K27me3

H3K4me3

Enrichment of histone features at
different resolution
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Using Matrix
Decomposition for
Hi-C Contact Matrices



Quantifying reproducibility
of Hi-C data

biological Different pseudo
replicates cell types replicates
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09
) # interactions i | L I
Tissue/Morphology cell type (millions) | ] In 1l i ] 1l ;
K ) ol L [ i
— 33 L O ol
Lung/Epithelial A549 20 08 l‘ [ I HI il A
, R
Kidney/Epithelial Caki2 ig , | . | L |
i i . 61 07 L[ [ | ‘ [ ‘ | ! I |l i |
Kidney/Epithelial G401 = ol : I JL o | | l‘ ok I \ | \
o Al |l 1l l | | 4 .
Prostate/Epithelial LNCaP 18 :8 ‘ "‘I |‘" ‘ f ‘ l l_l.\' I . | | | i
o D 0.6 MMl 0 e 1 ol e
Lung/Epithelial NCI-H460 g 8 Il I;[i“ “'|-~| 4" :I 118l -“ |4 | | l[ r' iy N |
— TR L [ I-|.| {167 |‘w I TR (
. . Ul gl | i [ | [,¥l | - v
Pancreas/Epithelial Pancl gz .% R 1 A | I: | |l|,| m i |‘ o H : I_J' | ; i A !
205 1 L P AL T e ! (A
Skin/Epithelial RPMI.7051 32 2 iy U Y T R
49 3 | ! 0 R L R
Skin/Stellate SK-MEL5 46 o | M I :l ' o fn
1 04+ ' ! | I | ‘AI |_| ol |
Brain/Epithelial SKN.DZ 16 | | : T ':| !
10 l I
| | |
Brain/Epithelial SKNMC 25 S L],
13 03+ !
Mammary Gland/Epithelia T47D 34 J
36
pairs of Hi-C contact maps 18

[Yan et al., Bioinformatics (‘17)]



Quantifying reproducibility
of Hi-C data

Is there a better way to decompose the contact map W (matrix)?

0.04

T T T T T T T .
' ;."._‘ . - pseudo-replicates
+  different cell types
002 - - — 7
N ) e R PENEE T
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-0.02

Spectral clustering commonly used in
image processing

Transform W into the Laplacian
matrix
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°
ev2 (replicate 1)
o

-0.04 -0.03 -0.02 -0.01 0 0.01 0.02 0.03 0.04
ev2 (replicate 2)

J
0.06
« Decomposed into eigenvectors, and ) . Gnerentca'ypes |
consider only the leading ones §of N g
(dimension reduction) g o
» Distance between the corresponding S 002} A L e N
vectors 004 S R

005 004 -003 -002 -001 0 0.01 0.02 0.03 0.04 0.05
ev3 (replicate 2)

®19
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Quantifying reproducibility
of Hi-C data

How many eigenvectors should be used?
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corresponding eigenvectors
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Yan KK et al. Bioinformatics 2017



Quantifying reproducibility
of Hi-C data
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A distance measure between two
contact maps
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