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High	throughput	chroma)n	conforma)on	
capture	(Hi-C)	for	studying	long-range	
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Hi-C	experimental	protocol	

Rao et al.,  Cell, 2014	



Hi-C	experimental	protocol	
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Just	like	any	sequencing	dataset,	Hi-C	
analysis	start	with	read	alignment	

x2	 x3	 y2	 y3	

Uni-read		 Mul1-read		

x1	 y1	

Poten1al	contacts	for	mul1-read		
(x2,	y2),		(x2,	y3),	(x3,	y2),(x3,	y3)	

Contact	for		
uni-read		
(x1,	y1)	

Ligated	
fragment	



17
.3

0 
M

B
35

.8
0 

M
B

17.30 MB 35.80 MB

17
.3

0 
M

B
35

.8
0 

M
B

17.30 MB 35.80 MB

Uni-setting Uni&Multi-setting

C
hr

om
os

om
e 

6

Chromosome 6 Chromosome 6

C
hr

om
os

om
e 

6

a

b

3030

80
.5

0 
M

B
99

.0
0 

M
B

80.50 MB 99.00 MB

80
.5

0 
M

B
99

.0
0 

M
B

80.50 MB 99.00 MB

C
hr

om
os

om
e 

X

Chromosome X Chromosome X

C
hr

om
os

om
e 

X

5050

Uni-setting Uni&Multi-setting

Signals	from	repe))ve	regions	are	
under-represented	

Before	mHi-C	



17
.3

0 
M

B
35

.8
0 

M
B

17.30 MB 35.80 MB

17
.3

0 
M

B
35

.8
0 

M
B

17.30 MB 35.80 MB

Uni-setting Uni&Multi-setting

C
hr

om
os

om
e 

6

Chromosome 6 Chromosome 6

C
hr

om
os

om
e 

6

a

b

3030

80
.5

0 
M

B
99

.0
0 

M
B

80.50 MB 99.00 MB

80
.5

0 
M

B
99

.0
0 

M
B

80.50 MB 99.00 MB

C
hr

om
os

om
e 

X

Chromosome X Chromosome X

C
hr

om
os

om
e 

X

5050

Uni-setting Uni&Multi-setting
17

.3
0 

M
B

35
.8

0 
M

B

17.30 MB 35.80 MB

17
.3

0 
M

B
35

.8
0 

M
B

17.30 MB 35.80 MB

Uni-setting Uni&Multi-setting

C
hr

om
os

om
e 

6

Chromosome 6 Chromosome 6

C
hr

om
os

om
e 

6

a

b

3030

80
.5

0 
M

B
99

.0
0 

M
B

80.50 MB 99.00 MB

80
.5

0 
M

B
99

.0
0 

M
B

80.50 MB 99.00 MB

C
hr

om
os

om
e 

X

Chromosome X Chromosome X

C
hr

om
os

om
e 

X

5050

Uni-setting Uni&Multi-setting

Signals	from	repe))ve	regions	are	
under-represented	

A<er	mHi-C	Before	mHi-C	



Evalua)on:	6	independent	studies,	with	8	
datasets,	and	mul)ple	replicates	per	

dataset	

Criteria	for	selec)on	
	
•  Genome	size	(large,	small)	
•  Sequencing	depth,	coverage	
•  Cis-to-Trans	ra)o	
•  Propor)on	of	mappable	and	valid	reads	

Manuscript submitted to eLife

Table 1. Hi-C Data Summary

Cell line Replicate Read length (bp) Restriction Enzyme HiC Protocol Source Resolution (kb)

IMR90 rep1-6 36 HindIII dilution Jin et al. (2013) 40
GM12878 rep2-9 101 MboI in situ Rao et al. (2014) 5, 10*, 40*
GM12878 rep32, rep33 101 DpnII in situ Rao et al. (2014) 5
A549 rep1-4 151 MboI in situ Dixon et al. (2018) 10, 40
ESC(2012) rep1, rep2 36 HindIII dilution Dixon et al. (2012) 40
ESC(2017) rep1-4 50 DpnII in situ Bonev et al. (2017) 10, 40
Cortex rep1-4 50 DpnII in situ Bonev et al. (2017) 10, 40
P.falciparum 3 stages 40 MboI dilution Ay et al. (2014b) 10, 40

* Replicates 2, 3, 4, and 6 of the GM12878 cell line datasets were process at 10kb and 40kb resolutions.

all the alignments of a multi-read reside within the same bin (Figure 1C; Appendix 1 Table 1 and89

see Materials and Methods). Collectively, mHi-C can rescue as high as 6.7% more valid read pairs90

(Figure 1D) that originate frommulti-reads and are mapped unambiguously without carrying out any91

multi-reads speci�c procedure for large genomes and 10.4% for P. falciparum. Such improvement92

corresponds to millions of reads for deeper sequenced datasets (Figure 1–source data 1: Table 4).93

For the remaining multi-reads (Figure 1D, colored in pink), which, on average, make up 18% of all94

the valid reads (Figure 1–Figure supplement 5B), mHi-C implements a novel multi-mapping model95

and probabilistically allocates them.96

mHi-C generative model (Figure 1E and see Materials and Methods) is constructed at the bin-pair97

level to accommodate the typical signal sparsity of genomic interactions. The bins are either �xed-98

size non-overlapping genome intervals or a �xed number of restriction fragments derived from the99

Hi-C protocol. The resolutions at which seven cell lines are processed are summarized in Table 1.100

In the mHi-C generative model, we denote the observed alignment indicator vector for a given101

paired-end read i by vector Yi and use unobserved hidden variable vector Zi to indicate its true102

genomic origin. Contacts captured by Hi-C assay can arise as random contacts of nearby genomic103

positions or true biological interactions. mHi-C generative model acknowledges this feature by104

utilizing data-driven priors, ⇡(j,k) for bin pairs j and k, as a function of contact distance between the105

two bins. mHi-C updates these prior probabilities for each candidate bin pair that a multi-read can106

be allocated to by leveraging local contact counts. As a result, for each multi-read i, it estimates107

posterior probabilities of genomic origin variable Zi. Speci�cally, Pr(Zi,(j,k) = 1  Yi, ⇡) denotes the108

posterior probability, i.e., allocation probability, that the two read ends of multi-read i originate109

from bin pairs j and k. These posterior probabilities, which can also be viewed as fractional contacts110

of multi-read i, are then utilized to assign each multi-read to the most likely genomic origin. Our111

results in this paper only utilized reads with allocation probability greater than 0.5. This ensured the112

output of mHi-C to be compatible with the standard input of the downstream normalization and113

statistical signi�cance estimation methods (Imakaev et al., 2012; Knight and Ruiz, 2013; Ay et al.,114

2014a).115

Probabilistic assignment of multi-reads results in more complete contact matrices116

and signi�cantly improves reproducibility across replicates117

Before quantifying mHi-C model performance, we provide a direct visual comparison of the contact118

matrices between Uni-setting and Uni&Multi-setting using raw and normalized contact counts.119

Figure 2A and Figure 2–Figure supplements 1-4 clearly illustrate how multi-mapping reads �ll in the120

low mappable regions and lead to more complete matrices, corroborating that repetitive genomic121

regions are under-represented without multi-reads. In addition to increasing the sequencing depth122

in extremely low contact bins, higher bin-level coverage after leveraging multi-mapping read pairs123
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Results	across	eight	studies	



Some)mes,	there	is	free	lunch	



Some)mes,	there	is	free	lunch	



Some)mes,	there	is	free	lunch	
No-cost	mul)-reads:	add	~5%	



Some)mes,	there	is	free	lunch	
Mul)-reads	need	rescuing:	add	~	23%	No-cost	mul)-reads:	add	~5%	



mHi-C:	mul)-read	alloca)on	for	Hi-C	



mHi-C	model	
Observed: Yi,(j,k) = 1.

Valid read pair i aligned to contact unit (j, k).

Valid read pair i aligned to contact unit (j, k).
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mHi-C	model	
Zi ⇠ Multinomial(⇡(1,2),⇡(j,k), · · · ,⇡(M,M�1))

⇡ ⇠ Dirichlet(�(1,2), · · · , �(j,k), · · · , �(M,M�1))

�(j,k) is modeled as a function of the distance between contact units j and k

�(j,k) is modeled as a function of the distance between contact units j and k

Ay,	Bailey,	and	Noble.		
Genome	research	(2014)	

													play	the	role	of	
	pseudo-counts	in	the	Dirichlet-
Mul)nomial		framework.	

�(j,k) is modeled as a function of the distance between contact units j and k



mHi-C	

P (Zi,(j,k) = 1 | Yi,(j0,k0), 8j0, k0)

Threshold	posterior	probabili)es	to	use	
resul)ng	alignments	with		exis)ng	
significant	contact	iden)fica)on	methods	
(e.g.,	fit-HiC).		
	
	



mHi-C:	from	read-pairs	to	significant	
contacts	

Process	reads	to	get	valid	read	pairs	

Par))on	genome	into	non-overlapping	intervals		
(5-300Kb	or	10	RE	sized	units)	

Generate	raw	contact	map	

Normalize	contact	map	

Iden)fy	significant	contacts	

mHiC	makes	
these	steps		
mul)-read		
aware	



Evalua)on	
A.	Sequencing	depth	    ✔	

B.	Accuracy	of	mul)-read	assignment	by	trimming	
experiments	
C.	Impact	on	coverage	

D.	Reproducibility	across	replicates:	both	raw	
contact	count	matrix	and	also	iden)fied	contacts	
E.	Biological	impact:	Novel	promoter-enhancer	
interac)ons	
F.	Biological	impact:	TAD	inference	



B.	Alterna)ve	read	rescue	



B.	Accuracy	

Evaluate	them	against	their	true	alignment	posi)ons	from	the	longer	
uni-read	set.	

Align	trimmed	reads,	some	of	which	are	now	mul)-reads.	

Trim	the	long	uni-reads	to	generate	short	reads.	

Align	and	get	uni-reads	(long	uni-reads).		

Start	with	long	read	datasets	(e.g.,	≥100	bp).	

Trimming	experiments:		

A	
nonparametric		
alterna)ve	to	

mHi-C	



B.	Accuracy	
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B.	Recovering	the	full	length	contact	matrix	
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C.	Major	improvement	in	coverage	
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D.	Reproducibility	of	the	contact	matrix	
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D.	Reproducibility	of	the	significant	
interac)ons	
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E.	Impact	on	TAD	inference	
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E.	Impact	on	TAD	inference	

#	of	reproducible	TADs	increases		
by	2.01%.	
	
#	of	irreproducible	TADs	decreases	
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E.	Impact	on	TAD	inference	
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TADs	that	are	not	reproducible	and	lack	CTCF	
peaks	at	the	TAD	boundaries	are	labeled	as	
false	posi)ves	



F.	Repe))ve		elements	at	the	boundaries	
of	reproducible	TADs	
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Summary	

•  Sojware	
hkps://github.com/keleslab/mhic	

•  Paper	
	hkps://www.biorxiv.org/content/early/2018/10/03/301705	

•  More	results	on	chimeric	reads,	impact	on	
differen)al	Hi-C	analysis	are	available	in	the	
manuscript.	
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C.	Count	matrices	



K/2L ana\xsis: LoGi Kwamp\K
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SNPs	in	high	LD:	a	formidable	challenge	

Labeling	by	
Massively	parallel	reporter	assays	(MPRA)	

POSTER	


