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Life, cell, chromosome & DNA
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From structure to function
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Hi-C: the experiment

Hi-C: high-throughput chromatin conformation capture
(Lieberman-Aiden et al, Science, 2009, Rao et al, Cell, 2014)

J-M. Belron et al /Methods 58 (2002) 268-276

A crosslink and isolate B digest and biotin fill in C ligation and DNA isolation

+ crosslink DNA
(“fixation™)

+ cleave genome with
restriction enzyme

¢ Diotin-mark and
ligate extremities

Pulldown, adapter ligation
and deep sequencing

+ fragment, select
biotin-marked junctions

¢ sequence fragments
(paired-ends)
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Hi-C: the experiment

Hi-C: high-throughput chromatin conformation capture
(Lieberman-Aiden et al, Science, 2009, Rao et al, Cell, 2014)
Cut with Fill ends -

O restriction and mark Purify and shear DNA; Sequence using

Crosslink DNA enzyme with biotin Ligate pull down biotin paired-ends
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Rao et al, Cell, 2014
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Hi-C data analysis: overview

+ clean and trim the reads

*+ map the reads on the genomic reference

+ filter bogus configurations

*+ count the reads per genomic bin => contact matrix

+ normalize the matrix

+ Identify topological domains, cis- and trans- interactions
+ comparative/integrative analysis
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Hi-C data analysis: overview

Hi-C Processing Flow Chart
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Lajoie et al, 2015
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HICUP, www.bioinformatics.babraham.ac.uk/
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Hi-C data analysis: the contact matrix
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Hi-C data analysis: the contact matrix
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Hi-C data analysis: the contact matrix
Rao et al, Cell, 2014
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Hi-C data analysis: the contact matrix
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Hi-C data analysis: matrix normalization

Number of reads per bin (coverage) depends on:
* GC%

* density of restriction sites

* repeats and “mappability”

+ overall depth of coverage

* Others?

=> “Parametric” vs. “non-parametric” normalization

Sylvain Foissac NETBIO Paris - September 2015
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Hi-C data analysis: matrix normalization

Probabilistic modeling of Hi-C contact maps eliminates
systematic biases to characterize global
NIH Public Access  chromosomal architecture

ézé Author Manuscript Eitan Yaffe & Amos Tanay

HepS®
Published in final edited form as: . Hi-C experiments measure the probability of physical To fulfill this promise, 3C techniques and their derivations must
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Hi-C data analysis: matrix normalization

A FAST ALGORITHM FOR MATRIX BALANCING

PHILIP A. KNIGHT* AND DANIEL RUIZ!

Abstract. As long as a square nonnegative matrix A contains sufficient nonzero elements, then the
matrix can be balanced, that is we can find a diagonal scaling of A that is doubly stochastic. A number of
algorithms have been proposed to achieve the balancing, the most well known of these being Sinkhorn-
Knopp. In this paper we derive new algorithms based on inner-outer iteration schemes. We show that
Sinkhorn-Knopp belongs to this family, but other members can converge much more quickly. In particular,
we show that while stationary iterative methods offer little or no improvement in many cases, a scheme
using a preconditioned conjugate gradient method as the inner iteration can give quadratic convergence
at low cost.

Key words. Matrix balancing, Sinkhorn-Knopp algorithm, doubly stochastic matrix, conjugate gradi-
ent iteration.

AMS subject classifications. 15A48, 15A51, 65F10, 65H10.

1. Introduction. For at least 70 years, scientists in a wide variety of disciplines
have attempted to transform square nonnegative matrices into doubly stochastic
form by applying diagonal scalings. That is, given A € R"", A > 0, find di-
agonal matrices D; and D, so that P = DjAD; is doubly stochastic. Motivations
for achieving this balance include interpreting economic data [1], preconditioning
sparse matrices [16], understanding traffic circulation [14], assigning seats fairly af-
ter elections [3], matching protein samples [4] and ordering nodes in a graph [12].
In all of these applications, one of the main methods considered is SK'. This is an

dbmgendirre pugen mmen dla ot st gt b Llpn ] TV, mene] The Tasr slbmsss s dolsr o mgina 1 mdun o onm Ta g pungn o

Knight & Ruiz, IMA J. Numer. Anal., 2013
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GC content of the genomic interval

Hi-C data analysis: matrix normalization

example with number of reads vs. GC%
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Hi-C data analysis: matrix normalization

(a) Raw contact map (b) Normalized contact map
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Hi-C data analysis: finding topologically
associated domains (TADs)

Matrices

| Loop

Ordinary  Loop Converaent
Subcompartments Domain Domain Cohesin CT&?—'

Models

Rao et al, Cell, 2014

+ methods: clustering, 2D-segmentation, etc
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Hi-C data analysis: finding topologically
associated domains (TADs)

) g" NIH Public Access
b Interactlung downstream $ Author Manuscript

Published in final edited form as:
Namre. ; 485(7398): 376-380. doi: 10,1038 /nature 1 1082,

Topological Domains in Mammalian Genomes Identified by
Analysis of Chromatin Interactions
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Hu®, Jun S. Liut, and Bing Ren’2”
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2University of California, San Diego School of Medicine, Department of Cellular and Molecular
Medicine, Institute of Genomic Medicine, 9500 Gilman Drive, La Jolla, CA 92093

3Medical Scientist Training Program, University of Califomia, San Diego, La Jolla CA 92093
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Abstract

The spatial organization of the genome is intimately linked to its biological function. yet our
understanding of higher order genomic structure is coarse, fragmented and incomplete. In the
nucleus of eukaryotic cells, interphase chromosomes occupy distinct chromosome temitories (CT).

|pw Jouyiny Yd-HIN
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DI HMM => TADs

Dixon et al., Nature, 2012
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Hi-C data analysis: finding topologically

associated domains (TADs)

Identification of hierarchical chromatin domains

Caleb Weinreb !, and Benjamin J. Raphael **

1Center for Computational Molecular Biology, Brown University, Providence, RI
Department of Computer Science, Brown University, Providence, Rl

Associate Editor: Prof. Gunnar Ratsch

ABSTRACT

Motivation: The 3D structure of the genome is an important regulator
of many cellular processes including differentiation and gene regu-
lation. Recently, technologies such as Hi-C that combine praximity
ligation with high-throughput sequencing have revealed domains of
self-interacting chromatin, called topologically associating domains
(TADs). in many organisms. Current methods for identifying TADs
using Hi-C data assume that TADs are non-overlapping, despite evi-
dence for a nested structure in which TADs and sub-TADs form a
complex hierarchy.

Results: We introduce a model for hierarchical decomposition of con-
tact frequencies into a hierarchy of nested TADs. This model is based
empirical distributions of contact frequencies within TADs, where
positions that are far apart have a greater enrichment of contacts than

resulting in a contact matrix A, where A,; is the number of conta-
cts between bins ¢ and j, normalized for experimental bias. Several
methods have been developed for the identification of TADs from
Hi-C data. These methods may be roughly classified into two cate-
gories: (1) methods that define a 1D test statistic from the contact
matrix A;;; (2) methods that exploit the 2D structure of the contact
matrix.

Dixon eral. (2012) compute a 1D “directionality index” (DI} from
the contact matrix. This index defines whether contacts have an
upstream bias, downstream bias or no bias. Next, they use a hidden
Markov model (HMM) to partition the genome into regions defined
by changes in the directionality index. Each transition into down-
stream bias marks the start of a domain and the next transition out
of upstream bias marks its end. Sauria e al. (2014) introduce a 1D

TETIICT BETOW:

DEFINITION 2. Consider a TAD D and interval [i, j] C [Dyp, Dp). Let
the error compensation Ecx (4, j, 1) be
i3
Eclig, D) =
1=

3 (Ap k) — Ag)*. (8)

i k=l

Using the error compensation, we derive an expression for the score of a
TAD tree in terms of its root TAD and sub-trees.

PROPOSITION 1. Let T be a TAD tree consisting of a root TAD D and a
collection of non-overlapping sub-trees Ty, ..., Trn, spanning the intervals
[ir.31)s-mes lim Gm]. The score O~(T) can be decomposed as

O,(1) = O, (D) + 3 (O, (L) + Ecliv, g D). ©)

a=1

‘We now describe steps (1-3) above in greater detail. To perform step
(1), recall that a TAD is defined by four parameters, (Lp, Rp. ﬁn,ﬂD)A
Thus, in choosing the root TAD D, two parameters are given ahead of
time ([Lp, Rp] = [i,j]). meaning we only need to select optimal values
for dp and Fp. Next, for a given choice of dp and Fp, we must cho-
ose a set of non-overlapping sub-trees, defined by sub-intervals [i, j-] and
multiplicites n, (steps 2-3). To that end, let Z(i, j, N') be the collection
of sets {(iz, jz,nz)} that satisfy the following properties: (i) [iz, jz] are
non-overlapping sub-intervals of [i, j]: (i) 3> n, = N — 1: (i) i, and
jx are valid boundaries. Using Z (4,7, N) as a search space, we evaluate

&(i,j. N, &) as follows.

PROPOSITION 2. For each interval [4, j] and positive integer N,

ms o (STe))

26i N0z e (00)

PROBLEM 2. Given N € N and v E B*, find the TAD forest F thar
maximizes the objective O~ (F) = vBp, 4(F) — £(F) such that |F| = N,
and each D € F is locally fited and has valid boundaries.

Once again, our first step in solving Problem 2 will be to find optimal

TAD trees over every interval.

_ DEFINITION 4. Given N € N, and the interval [i,j], define
®(i, j, N) := max O (T) over all TAD trees T such thai (i) T is roo-
ted at the interval [, 3], (ii) T comtains N TADs (|T| = N), and (iii) each
D € T is locally futed has valid boundaries.

In contrast to ®(i,j, N, &), !IA)(i, 4, N) does not take § as an argument,
since it maximizes over TAD trees whose d values are fixed by the requi-
rement that they be locally fitted. This leads to the following proposition,
which shows how to evaluate @(i, i N).

PROPOSITION 3. For each interval [i, j] and positive integer N,

B(i,j, N) = O, (Di) + W, 12)
(025, N) = Oy (D) ((vnn.n":ﬁ)éi(v.j.lv)(zz: ) (
where

ey = [Pl derma) oo, Dig) i (i, o) 2 60, 5)
" —o0 otherwise.

2.3 Algorithm

To evaluate equation (12), we must choose a set of non-overlapping inte-
wals [ig, j»] and multiplicities n, that maximize > _ W, and satisfy
E nz = N — 1. Similarly, to assemble a TAD forest from TAD trees, we
will likewise be choosing a non-overlapping set of intervals (leaves of TAD
trees ) with multiplicities (number of TADs in each tree) such that the sum of
their scores is maximized and the multiplicites sum to a predefined N. These

tasks are both similar to the weighed interval scheduling problem (Kleinberg

INRA
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Hi-C data analysis: finding topologically
associated domains (TADs)

Identification of hierarchical chromatin domains

Caleb Weinreb !, and Benjamin J. Raphael **

1Center for Computational Molecular Biology, Brown University, Providence, RI
Department of Computer Science, Brown University, Providence, Rl

Associate Editor: Prof. Gunnar Ratsch

ABSTRACT

Motivation: The 3D structure of the genome is an important regulator
of many cellular processes including differentiation and gene regu-
lation. Recently, technologies such as Hi-C that combine praximity
ligation with high-throughput sequencing have revealed domains of
self-interacting chromatin, called topologically associating domains
(TADs). in many organisms. Current methods for identifying TADs
using Hi-C data assume that TADs are non-overlapping, despite evi-
dence for a nested structure in which TADs and sub-TADs form a
complex hierarchy.

Results: We introduce a model for hierarchical decomposition of con-
tact frequencies into a hierarchy of nested TADs. This model is based
empirical distributions of contact frequencies within TADs, where
positions that are far apart have a greater enrichment of contacts than

resulting in a contact matrix A, where A,; is the number of conta-
cts between bins ¢ and j, normalized for experimental bias. Several
methods have been developed for the identification of TADs from
Hi-C data. These methods may be roughly classified into two cate-
gories: (1) methods that define a 1D test statistic from the contact
matrix A;;; (2) methods that exploit the 2D structure of the contact
matrix.

Dixon eral. (2012) compute a 1D “directionality index” (DI} from
the contact matrix. This index defines whether contacts have an
upstream bias, downstream bias or no bias. Next, they use a hidden
Markov model (HMM) to partition the genome into regions defined
by changes in the directionality index. Each transition into down-
stream bias marks the start of a domain and the next transition out
of upstream bias marks its end. Sauria e al. (2014) introduce a 1D

Weireb & Raphael, Bioinformatics, 2015
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Hi-C data analysis: integrative analysis
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Hi-C data analysis: comparisons
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Hi-C data analysis: integrative analysis
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Hi-C data analysis: integrative analysis
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FR-AgENCODE: livestock genome annotation

Susscrofa  Gallus allus " Bos Taurus  Capra hircus
(Large White) (White Leghorn) (Holstein) (Alpine)

Sampling: 34 somatic tissues + 13 reproductive tissues
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FR-AgENCODE: livestock genome annotation
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Outline

+ Biological context
*+ More biological context
mm) Hi-C data processing
* map
* filter
+ count
+ normalize
* segment

* compare
* Conclusion, discussion, NETBIO lunch
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Outline

+ Biological context
*+ More biological context
+ HI-C data processing
* map
* filter
* count
+ normalize
* segment
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mm) Conclusion, discussion, NETBIO lunch
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Analysis: example on Hi-C data

* Analysis pipeline (first part)

— f—
—p 4
— -
(a) Read mapping 5 o ¢ FASTQ files ¢ *_2.fq
[ Trim read end to 25hp Use an aligner that
[Pre-truncate read ands] allows split mappings
containing the ligation Add 5bp b, y
junction sequence C 2 %
l / Post-process mapping
results to filter out
[ Map using a short-read allgner J 44— |  ambiguous pairs

(Bowtie, Bowtie2, BWA, BWA-sw)

N

(b) Read level filtering

l SAM/BAM
* 1.bam files * 2.bam

/’_ List of all restriction sites Keep only uniguely mapped and _\\
(digested genome) high quality (MAPQ = 30) reads
y / Ay & Noble, 2015
Assign read end to the 3
e Keep only reads proximal to the
nearest restriction site J B [ nearest site (MAPQ < 300) J

\ [ {binary search)
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Analysis: example on Hi-C data

* Analysis pipeline (first part)

(€) Read-pair level filtering

l SAM/BAM
* 1.bam files

* 2.bam

/ [ Apply strand filters )

[—
— -
Strand

Type

—» Valid
pairs

§—

—» Possible
N artifacts

e .
—
<+

Remove all but one
of duplicate pairs

\ /nira—chromasomal contacts
nd Valid pairs below a distance threshold

Stra

C Apply distance filters ) \

e.g. self ligation

&

e.g. valid pair
(discarded)

(d) Normalization

Valid pairs

(*.bam or *.txt)

/

mappability

N\

Explicit-factor correction
Corrects explicitly for known
factors such as GC content,

fragment length and

or meta-fragments (e.g., 10 REs)

[ Bin using fixed-size windows (e.g., 40kb]] \
b

¥ v

Matrix balancing
Assures uniform visibility for all
loci (i.e. equal row sum).
Corrects for known and
potentially unknown biases

Joint correction
Simultaneously corrects
for explicit factors and
genomic distance between

interacting loci _/

Normalized contact maps

(sparse/full matrix (*.txt, *.hdf, *.npy))

Ay & Noble, 2015

* + TAD calling, differential analysis, integrative analysis, ...
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